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Abstract

The task of localizing an object’s spatial tube based on language instructions
and video, known as spatial video grounding (SVG), has attracted widespread
interest. Existing SVG tasks have focused on ego-centric fixed front perspective
and simple scenes, which only involved a very limited view and environment.
However, UAV-based SVG remains underexplored, which neglects the inherent
disparities in drone movement and the complexity of aerial object localization. To
facilitate research in this field, we introduce the novel spatial aerial video grounding
(SAVG) task. Specifically, we meticulously construct a large-scale benchmark,
UAV-SVG, which contains over 2 million frames and offers 216 highly diverse
target categories. To address the disparities and challenges posed by complex
aerial environments, we propose a new end-to-end transformer architecture, coined
SAVG-DETR. The innovations are three-fold. 1) To overcome the computational
explosion of self-attention when introducing multi-scale features, our encoder
efficiently decouples the multi-modality and multi-scale spatio-temporal modeling
into intra-scale multi-modality interaction and cross-scale visual-only fusion. 2)
To enhance small object grounding ability, we propose the language modulation
module to integrate multi-scale information into language features and the multi-
level progressive spatial decoder to decode from high to low level. The decoding
stage for the lower-level vision-language features is gradually increased. 3) To
improve the prediction consistency across frames, we design the decoding paradigm
based on offset generation. At each decoding stage, we utilize reference anchors to
constrict the grounding region, use context-rich object queries to predict offsets,
and update reference anchors for the next stage. From coarse to fine, our SAVG-
DETR gradually bridges the modality gap and iteratively refines reference anchors
of the referred object, eventually grounding the spatial tube. Extensive experiments
demonstrate that our SAVG-DETR significantly outperforms existing state-of-the-
art methods. The dataset and code will be available at here.

1 Introduction

Grounding objects with natural language in visual contexts is a fundamental and important task
in multi-modal understanding [1, 2, 3]. Recently, the spatial video grounding (SVG) has drawn
significant attention [4, 5]. However, the SVG task has predominantly focused on the ego-centric
fixed front perspective and simple scene [6, 7, 8]. As shown in Figure 6 of the supplementary material,
they only provide a very limited view and environment. This means that existing methods can
only perform target localization in simple scenes on the ground. This overlooks another important
application scenario: moving aerial platforms in the sky [9, 10, 11]. As the low-altitude economy

∗Corresponding author.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).

https://github.com/ZhanYang-nwpu/SAVG


The woman in a blue blouse walking on the flagstone road by the pondThe woman in a blue blouse walking on the flagstone road by the pond

On the road in the lower right corner, the white van is driving to the topOn the road in the lower right corner, the white van is driving to the topThe white trimaran sailing to the lower right corner on the seaThe white trimaran sailing to the lower right corner on the sea

Between the three white cars at the bottom of the roundabout, the black SUV is 
heading to the right
Between the three white cars at the bottom of the roundabout, the black SUV is 
heading to the right

In the lower right corner, the woman in white is walking into the parking lotIn the lower right corner, the woman in white is walking into the parking lotOn the left bank of the lake, the tourist in a rose red shirt and white pants is walking to 
the right
On the left bank of the lake, the tourist in a rose red shirt and white pants is walking to 
the right

The old man in a gray jacket and hat is walking on the road at the bottom of the right 
bank of the river
The old man in a gray jacket and hat is walking on the road at the bottom of the right 
bank of the river

In the middle of the sea, the speedboat with the rubber boat sailing to the lower left 
corner
In the middle of the sea, the speedboat with the rubber boat sailing to the lower left 
corner

The snowmobile on the snow is driving to the leftThe snowmobile on the snow is driving to the left The tallest blue skyscraper in the middle of the cityThe tallest blue skyscraper in the middle of the city The one behind the two left-turning single-decker buses on the top viaductThe one behind the two left-turning single-decker buses on the top viaduct On the left side of the river, the big white sightseeing cruise ship sailing towards the 
bridge
On the left side of the river, the big white sightseeing cruise ship sailing towards the 
bridge

The black sedan driving towards the river at the lower right corner of the bridgeThe black sedan driving towards the river at the lower right corner of the bridge The white sedan driving to the right at the fork of the viaduct in the upper left cornerThe white sedan driving to the right at the fork of the viaduct in the upper left corner The white high-speed train at the top is leaving the stationThe white high-speed train at the top is leaving the station The red bulk carrier sailing to the right on the left of the riverThe red bulk carrier sailing to the right on the left of the river

Figure 1: An overview of the UAV-SVG dataset. SAVG grounds the referred object’s spatial tube
in the complex aerial scene by a natural language query. UAV-SVG presents distinctive challenges,
including camera motion, low resolution, illumination variations, aspect ratio variations, viewpoint
changes, rotation, etc. More detailed analysis is in Sec. B.3 of the supplementary material.

takes off, many tasks currently need to be performed in the sky [12], such as UAV-based goods
delivery, traffic/security patrol, and scenery tours [13, 14, 15]. Spatial aerial video grounding (SAVG)
emerges as a groundbreaking task. We can use UAVs to localize specific objects in various scenarios
from the sky view and obtain a much more holistic grounding.

To date, existing benchmarks (VID-sentence [6], VidSTG [7], HC-STVG [8]) have predominantly
been confined to small-scale scenarios (Figure 6). The number of objects within the video is limited,
and the referred object covers a significant portion of the frame image. SVG in moving aerial
platforms is quite different, presenting unique technical challenges: 1) Most objects only contain a
few pixels (1-200 pixels or so). The approaches in natural scenes without multi-scale feature learning
cannot deal with them effectively. 2) Aerial videos usually have a wide field of view and a large scene
scale, containing dense and numerous objects. The irrelevant or confusing information increases
significantly. 3) Objects may be subject to a range of environmental disturbances, such as occlusion
from trees, shadows cast by sunlight, and low light at night. The discriminability of the referred
object diminishes significantly. 4) UAV may move rapidly, causing viewpoint changes between
adjacent frames, and the object may also move quickly. It is hard to accurately and consistently
ground objects. To foster our proposed SAVG task, we contribute a new sizeable benchmark, named
UAV-SVG. UAV-SVG uses the million-scale tracking dataset [9] as the video source. To guarantee
the high quality, referring expressions are generated using a combination of manual annotation and
the advanced Gemini model [16]. As shown in Table 1, UAV-SVG contains over 2 million frames,
17,820 video–query pairs, and 216 highly diverse object categories. As shown in Figure 1, unlike
ground-fixed or hand-held shooting sources, the outdoor aerial view encompasses vast areas.

Existing advanced end-to-end methods [17, 18, 19, 20] usually follow three steps: 1) transformer
encoder for multi-modality 3D spatio-temporal modeling, 2) transformer decoder for mining infor-
mation from encoded vision-language features by learnable queries, and 3) a prediction head for
regressing queries to obtain the spatial tube. In the field of aerial object localization, most works
[21, 22, 23] use multi-scale visual features. If we introduce multi-scale visual features into the existing
encoder, the self-attention of computing multi-modality multi-scale 3D spatio-temporal features will
be computationally expensive and unaffordable. Meanwhile, it is difficult to capture the object-related
region details efficiently in the complete and lengthy multi-modality multi-scale sequence during the
decoding stage, especially the small objects. Moreover, due to the complicated movement of UAVs,
the prediction consistency across frames of the grounding model is more demanding.

To address aforementioned problems, we introduce a new end-to-end transformer architecture, termed
SAVG-DETR. Our core consists of a multi-modality multi-scale spatio-temporal encoder for cross-
modal cross-scale feature fusion and alignment, and a hierarchical progressive decoder for efficient
spatial tube prediction. The first key design is that the vanilla spatio-temporal encoder is decoupled
into two branches: intra-scale multi-modality interaction with a single high-level scale and cross-scale
visual-only fusion with different scales. Our encoder can capture conceptual entities on high-level
features with richer semantic concepts and integrate more object details from low-level features,
which is convenient for the subsequent decoder to localize the object. In addition, this decoupling
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Table 1: Comparison of spatial video grounding datasets, where ’Exp.’ indicates the expression.

Dataset
Videos
Num.

Frame
Num.

Total
Duration

Object
Classes

Motion
Classes

Language
Num.

Vocab
Exp.

Length
Train/Val/Test

Partition
Target or Scene Shot & View

VID-sentence [6]ACL’19 7,654 59K 11.1 h 30 ✗ 7,654 1,823 13.18 86%/7%/7% Animal & Vehicle Fixed / Handheld & Front
VidSTG [7]CVPR’20 6,924 7.1M 69.1 h 79 ✗ 99,943 1,881 10.12 80%/10%/10% Human & Animal Fixed / Handheld & Front
HC-STVG [8]TCSVT’21 5,660 3M 31.4 h 1 ✗ 5,660 2,289 17.27 80%/0%/20% Human Movie Clips
UAV-SVG 3,564 2M 18.7 h 216 73 17,820 3,243 16.39 79%/5%/16% Wild Moving Aerial & Bird’s-Eye

strategy avoids an explosion in the computation of multi-modality multi-scale 3D spatio-temporal
features. The second key design is multi-level progressive spatial decoder, which decodes from high
to low level and gradually increases the number of decoding layers for lower-level features. We
devise the multi-level language modulation module to integrate multi-scale information into language
features. The spatial decoder utilizes multi-level language-vision features to guide queries to decode
more relevant spatial information. The third key design is the decoding paradigm based on offset
generation. Unlike existing methods, we utilize reference anchors as positional embedding to constrict
the grounding region, use queries to predict offsets, and update reference anchors at each decoding
stage. We design the query and position generator to yield context-rich object queries and initial
reference anchor boxes. This paradigm improves the consistency of the prediction. Furthermore, we
adopt larger auxiliary bounding boxes to calculate losses, which is more effective for small objects.
To demonstrate the effectiveness of our approach, we conduct comprehensive ablation studies and
benchmark many state-of-the-art methods.

Contributions: (i) We highlight the significance of deploying spatial video grounding in aerial scenes
and introduce a challenging benchmark, UAV-SVG, characterized by unique properties and challenges
that set it apart from existing datasets. (ii) To overcome the computational explosion, our encoder
efficiently decouples the multi-modality and multi-scale spatio-temporal modeling into intra-scale
multi-modality interaction and cross-scale visual-only fusion. (iii) To enhance small object grounding,
we propose the modulation module to integrate multi-scale information into language features and
the multi-level progressive spatial decoder to decode from high level to low level. (iv) To improve
the prediction consistency, we design the decoding paradigm based on offset generation. At each
decoding stage, we use context-rich queries to predict offsets and update reference anchors for the
next stage. (v) Extensive experiments show that our method significantly outperforms all baselines.
Comprehensive ablation studies and detailed analyses provide new ideas and useful insights.

2 Related work

Image-Based Visual Grounding in Aerial. The visual grounding in aerial [24, 25, 26] is mainly
focused on the satellite remote sensing scenario, such as MGVLF [27], QAMFN [28], LPVA [29],
RMSIN [30]. In aerial scenes, images with a large field of view and complex spatial scales are often
encountered. Existing methods propose a multi-granularity visual language fusion module [27], a
multi-level feature enhancement decoder [29], a multi-scale cross-modal alignment module [26], or a
rotated multi-scale interaction network [30] to capture remote sensing vision-language features and
achieve improved performance effectively.

Video-Based Referring Expression Comprehension. This task aims to detect the unique object
or region in each video frame using a phrase or expression that describes the target attribute. The
earlier tracking-based approaches generate phrase-relevant region proposals [31, 32] and transform
the visual tracking framework into natural language tracking [33, 34, 32]. Detection-based methods
[35, 36, 37, 38, 39] do not rely on visual region proposals and directly localize objects in each frame.
Recent one-stage frameworks, like Co-Grounding [35], DCNet [36], ConFormer [38], and MILCGF-
Net [39], have focused on temporal correlation, inter-frame correlation, fine-grained patch-word
alignment, phrase-region alignment, and image-language inter-modality dense associations.

Video Object Grounding. This task aims to localize all objects in the video referred to in the
natural language query. The number of target boxes output in each frame may vary and is not limited
to only one. The VOGNet framework [40] adopts self-attention with relative position encoding to
model object relations. Subsequently, the weakly supervised video object grounding (WSVOG) [41]
introduces context-aware object stabilizer module and cross-modal alignment knowledge transfer
modules to achieve stable context learning. The UMA framework [42] considers rich contextual
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Manual Data Cleaning and Spatio-Temporal Tube Correction

Prompts for Referring Expression GenerationMillion-Scale UAV Tracking Data Source

UAV-SVG (Large-scale and High-quality Referring Expression for Aerial Videos)

Manual Checking and Error Fixing for Referring Expression

You are a powerful drone aerial image and video object 
captioner.  The entire composite image from top to 
bottom is the first, middle two and last frames of the 
drone video, respectively. Please create 4 unambiguous 
referring expression describing the object represented 
by the red object bounding box of the given video. The 
referring expression annotation procedure follows the 
principles of:

Object-Specific Prompt with Human PriorsObject-Specific Prompt with Human Priors
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Gemini 1.5 Model from Google

Integrate keyframes into a 
single composite image

-The white harvester is working in the field.
-The white harvester that is moving from left to right in the field.
-The large white vehicle that is working in the field.
-The white vehicle with red accents that is harvesting the yellow rice.
-The harvester that is traveling in a row of the field.

Figure 2: The construction pipeline of our UAV-SVG benchmark: Step 1) manual data cleaning
and spatio-temporal tube correction, Step 2) referring expression generation, and Step 3) manual
checking and error fixing. OV indicates that the object is out of view, and the other 12 characteristics
are detailed in Sec.B.3 of the supplementary material.

information of the same object to explicitly learn textual and visual uni-modal associations. The
unified causal framework [4] proposes spatial-temporal adversarial contrastive learning and backdoor
adjustment for causal intervention to learn object-relevant association.

Spatio-Temporal Video Grounding. This task aims to localize the spatio-temporal tube of the
unique referred object or region in the untrimmed video by a sentence query. The earlier two-stage
methods [7, 8, 43] employ a pre-trained detector to generate candidate region proposals. Inspired by
the DETR model [44], recent works [17, 20] use the one-stage paradigm, which does not depend on
the quality of the pre-trained detector. TubeDETR [17] and STCAT [18] design transformer-based
video-text encoders and a space-time decoder for joint modeling of spatio-temporal and multi-
modal interactions. To solve the heavy computational complexity and insufficient spatio-temporal
interactions, SGFDN [45] decomposes 3D spatio-temporal features into 2D motion and 1D object
embedding. A cross-stream collaborative reasoning framework [46] decomposes static and dynamic
vision-language flows to capture object appearance and motion cues, respectively. CG-STVG [19]
contains instance context generation and refinement modules to capture instance visual context
information and eliminate irrelevant or harmful information respectively. VideoGrounding-DINO
[20] utilizes pre-trained Grounding DINO to achieve powerful open-vocabulary performance.

3 UAV-SVG Benchmark

To the best of our knowledge, only aerial videos with natural language annotations are CapERA [47]
and WebUAV-3M [9]. However, CapERA’s annotations are video-level captions and cannot refer to
objects or regions. WebUAV-3M is a single-object tracking dataset with spatial tubes and language
descriptions of first-frame objects. However, this dataset cannot be directly and perfectly adapted
to the SAVG task due to many hard defects. To this end, we contribute a new dataset by annotating
video objects in the WebUAV-3M with the latest Gemini model [16], namely UAV-SVG.

Dataset Annotation. The construction pipeline of the newly proposed UAV-SVG is shown in
Figure 2. We choose WebUAV-3M as our data source for two main reasons. First, it is the largest
public UAV tracking dataset to date, containing videos with complex scenes and diverse categories.
Second, object descriptions of the first frame and bounding boxes of the target sequence are provided
to avoid labor-intensive annotation for spatial and textual labels of the dataset. The detailed process
are provided in Sec. B.1 of the supplementary material.

4



Analyses of UAV-SVG. This section analyzes the salient differences between UAV-SVG and
existing video grounding benchmarks, including video resolution, scales of bounding boxes, lengths
of expressions, quantities of object classes, target position distribution, and data statistics. We provide
detailed analyses in Sec. B.2 of the supplementary material. UAV-SVG contains over 2.01 million
frames across 3,564 videos and offers 216 highly diverse object categories. The total duration and
average duration of videos are 18.7h and 18.86s, as shown in Table 1. There are 17,820 video-
sentence-tube triples in our constructed UAV-SVG dataset. The split of training, validation, and
testing is shown in Table 6 of the supplementary material. Spatial video grounding in natural scenes
is quite different from that in aerial scenes. Specifically, 12 characteristics and challenges are detailed
in Sec. B.3 of the supplementary material. We believe that unique characteristics of UAV-SVG can
open the door for the SAVG with practically useful and broader real-life applications.

4 Methodology

The framework of our SAVG-DETR is shown in Figure 3. Problem definition is shown in Sec.4.1. We
first extract multi-scale video and language features from pre-trained backbones (Sec. 4.2). Different
from the original DETR [44], our encoder (Sec. 4.3) decouples the multi-modality multi-scale spatio-
temporal modeling into intra-scale multi-modality interaction and cross-scale visual-only fusion.
Learnable video tokens and frame tokens during multi-modality interaction are used to generate
initial object queries and position embeddings for the decoder. Subsequently, our decoder (Sec. 4.4)
utilizes fused multi-scale features to modulate language features and progressively decode multi-level
language-video features from high to low level. In the decoder, we use object queries to generate
position offsets to constantly update the object spatial tube. Finally, we introduce a scaling factor to
generate larger auxiliary bounding boxes and improve spatial grounding loss function (Sec. C.3 of
the supplementary material).

4.1 Problem Definition

The spatial aerial video grounding task aims to localize the referred object sequence in an aerial
video by integrating vision-language information. In contrast to spatial grounding, which focuses on
localizing objects in a single frame image, this task extends the temporal dimension on this concept.
This means understanding where the objects are in each frame and how they move over time from the
aerial view. Given an aerial video V ∈ RT×C×H×W with T consecutive frames, C channels, and
H ×W spatial resolution, respectively, and a natural language description S depicting one object
existing in V . The SAVG problem can be defined as localizing a spatial tube B = {bt}Tt=1 of the
specific object referred to by the description S, where bt = (xt, yt, wt, ht) represents a bounding
box in the t-th frame. (xt, yt) are the coordinates of the center and (wt, ht) are the width and height
of the bounding box.

4.2 Aerial Video-Text Feature Extractor

Following the existing literature [17], we use ResNet as the visual backbone to extract the aerial visual
features for each frame. The visual encoder is initialized with weights from MDETR [48] pre-trained
on Flickr30k [49], MS COCO [50], and Visual Genome [51]. We use multi-scale visual feature maps
{S3,S4,S5} extracted from the last three stages of the backbone as the input of the multi-modality
multi-scale spatio-temporal encoder. Formally, we flatten multi-scale visual feature maps Si from
Rci×hi×wi to Rci×hiwi . Three 1×1 convolutional layers are used to project them into the same
channel dimension C = 256, thus we get multi-scale visual features F i ∈ RC×Nvi(Nvi = hiwi).
We take as input a set of multi-scale aerial video features F vi ∈ RT×C×Nvi(i = 3, 4, 5) from the
visual encoder for all T frames of the input aerial video.

For the language encoder, we leverage the pre-trained RoBERTa [52] to convert the natural language
description into an output with Nl tokens and Cl channel dimension. One linear layer is used to
project it into the channel dimension C, thus we can get language features F l ∈ RC×Nl .

4.3 Multi-Modality Multi-Scale Spatio-Temporal Encoder

Inspired by [53, 54], we introduce multi-scale visual features into the traditional encoder. However,
computing the self-attention between multi-scale visual features and language features for each frame
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Figure 3: The framework of SAVG-DETR consists of (a) aerial video-text feature extractor, (b)
multi-modality multi-scale spatio-temporal encoder, and (c) hierarchical progressive decoder.

is computationally expensive and unaffordable. To overcome this problem, we decouple the encoder
into intra-scale multi-modality interaction and cross-scale visual-only fusion. In order to intuitively
understand, we show the detailed design idea in Sec. C.1 of the supplementary material.

Intra-scale Multi-modality Interaction Branch. This branch aims to model multi-modality
interactions between the language features F l and high-level aerial video features F v5 ={
F v5t ∈ RC×Nv5

}T
t=1

. Specifically, the branch consists of a N layer encoder. Each layer starts with
a spatial interaction layer followed by a temporal interaction layer, as shown in Figure 3 (b.1). We
introduce a learnable embedding F f

t ∈ RC×1 (namely frame token) in t-th frame to capture the
spatial context of the referred object through intra-modality and inter-modality interactions. Frame
tokens F f = {F f

t }Tt=1 fuse information across spatial dimensions of visual and textual modalities.
The spatial interaction layer conducts local spatial modeling for each frame but lacks global temporal
modeling. The temporal interaction layer applies the self-attention across temporal dimensions
between frames tokens. Similarly, we introduce a learnable embedding F v ∈ R1×C (namely video
token) to capture the global aerial video-text context.

Cross-scale Visual-only Fusion Branch. The objective of this branch is to fully extract both
high-level semantic information and detailed object information from multi-scale visual features for
efficient localization of the grounded object. First, it transfers the rich contextual semantics embedded
in high-level visual features after multimodal interaction to enhance low-level features. Moreover, it
injects the object localization details contained in low-level features into high-level features via fusion.
To address the challenges of extensive small objects and avoid a large computational cost generated
by this branch, we derive solutions from the popular real-time detection transformer [21, 22, 55, 23].
This branch mainly includes the two-scale fusion module, multi-scale feature fusion with frequency
enhancement (MSFF-FE) module, frequency-focused down-sampling (FD), semantic alignment and
calibration (SAC) module, illustrated in Figure 3 (b.2).

4.4 Hierarchical Progressive Decoder

We propose the hierarchical progressive decoder that utilizes multi-level language and visual features
to guide object queries to decode more relevant spatial information. We show more technical detail in
Sec. C.2 of the supplementary material.

Multi-level Language Modulation Module. This module is designed to enhance the visually
contextualized language features by incorporating different levels of visual features. Given language

features FN
l =

{
FN

lt ∈ RC×Nl

}T

t=1
and multi-level visual features F F

vi =
{
F F

vit ∈ RC×Nvi

}T

t=1
,
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Figure 4: The structure of the multi-level language modulation module, the query and position
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we employ cross-attention to achieve cross-modality fusion:

Attni
t =

(
projq(F

N
lt )projk(F

F
vit)

T

√
d

)
, (1)

F i
lt = W l

[
SoftMax(Attni

t) · projv(F
F
vit)
]
+ bl, (2)

where projq,k,v are the query, key, and value projections, W l and bl are the learnable parameters,
and F i

lt ∈ RC×Nl denotes the updated i-th level language features in the t-th frame. The resulting
multi-level language features at different levels are:

Llow−level,Lmid−level,Lhigh−level =
{
F 3

lt

}T
t=1

,
{
F 4

lt

}T
t=1

,
{
F 5

lt

}T
t=1

. (3)

Query and Position Generator. Existing advanced encoder-decoder based grounding methods
either use learnable embeddings [17, 1, 19] or use language features [2, 20] as decoder queries.
Despite achieving advanced results in natural scenes, these methods in complex aerial scenes exac-
erbate the problem of inconsistent localization results across frames. To alleviate this problem, we
leverage video tokens F v and frame tokens F f in the intra-scale multi-modality interaction branch
to generate queries and predict the initial bounding box tube as reference anchors. The structure is
shown in Figure 4. Firstly, we project the video tokens F v as the initial queries Q0

t ∈ RC . The Q0
t

is temporally replicated T times for each frame resulting in object queries Q0 =
{
Q0

t

}T
t=1

. Unlike
the previous approach, our queries are mapped from video tokens. All frames are associated and
contain the same vision-language contextualized semantics. Such a mechanism helps to make spatial
positions of the decoding more temporally consistent.

Then, we encode video tokens to modulate the previous frame tokens F f by scaling and shifting to
generate the initial reference anchor per frame B0 =

{
b0t
}T
t=1

. Specifically, video tokens F v are
projected as a scaling factor γ ∈ RC and a shifting factor β ∈ RC respectively:

γ = tanh (W γF
v + bγ) , β = tanh (W βF

v + bβ) , (4)

where W γ , bγ , W β , and bβ are the learnable parameters. Afterwards, frame tokens are then refined
with the two modulation factors. Finally, generate the initial reference anchor box b0t ∈ R4:

b0t = Sigmoid
[
W p

(
F f

t ⊙ γ + β
)
+ bp

]
, (5)

where ⊙ represents hadamard product, and W p ∈ RC×4 and bp ∈ R4 are learnable parameters.

Multi-level Progressive Spatial Decoder. Existing DETR decoders project object queries to
bounding box coordinates via a prediction head. It is difficult to accurately and consistently ground
the referred object across frames in aerial video with small objects and complex motion. To improve
the grounding consistency, we propose the multi-level progressive spatial decoder (MPSD). Previous
object detectors [56, 57] amplify the importance of low-level features to enhance small object
detection. Therefore, MPSD decodes from high level to low level, and gradually increases the number
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of decoding layers for lower-level features. As shown in Figure 4, our MPSD has M layers and is
cascaded by 1 High-level, 2 Mid-level, and 3 Low-level Decoders. First, reference anchor boxes
are attached to object queries through positional embedding, guiding queries to capture the spatial
information of the referred object:

Pm
t = MLP(SinEmbed(bm−1

t )), (6)

where SinEmbed means the sinusoidal position encoding to bm−1
t = (xm−1

t , ym−1
t , wm−1

t , hm−1
t ).

In addition to positional embedding Pm
t , sinusoidal temporal positional encoding is added to the

positional part of object queries of the m-th layer. Then, object queries Qm perform long temporal
dependency modeling along the temporal dimension and progressively decode the object position
from high-level to low-level under the guidance of multi-level language and visual features:

Qm′

t = LN
(
Qm−1

t + MHSAm
temporal(Q

m−1
t )

)
, (7)

Qm′′

t = LN
(
Qm′

t + MHCAm
language(Q

m′

t ,L,L)
)
, (8)

Qm′′′

t = LN
(
Qm′′

t + MHCAm
visual(Q

m′′

t ,V ,V )
)
, (9)

Qm
t = LN

(
Qm′′′

t + FFNm(Qm′′′

t )
)
, (10)

where LN(·) denotes layer normalization. The multi-level language and visual feature inputs at
different layers are:

(L,V ) =


(Lhigh−level,V high−level) if m = 1

(Lmid−level,V mid−level) if m = 2 or 3

(Llow−level,V low−level) if m = 4, 5 or 6.

(11)

Finally, we fed Qm
t into the offsets generator consisting of 3 fully connected layers with the ReLU

activation function. The offsets generator directly regresses 4-dim bounding box offset coordinates
(∆xm

t ,∆ymt ,∆wm
t ,∆hm

t ). The final reference anchor box bmt is updated by:

bmt = (xt +∆xm
t , yt +∆ymt , wt +∆wm

t , ht +∆hm
t ). (12)

Our improved spatial grounding loss function is in Sec. C.3 of the supplementary material.

5 Experiments

In this section, we conduct extensive experiments to verify our SAVG-DETR. We first introduce
implementation details and the evaluation protocol for the SAVG task in Sec. D.1 of the supplementary
material and Sec. 5.1. After this, we compare with the state-of-the-art methods in Sec. 5.2. We
perform extensive ablation studies to investigate the effect of each component of SAVG-DETR in Sec.
5.3. Finally, we visualize some examples for an intuitive understanding of the approach in Sec. 5.4.

5.1 Evaluation Metrics

We follow the literature [17] and define the video intersection over union as vIoU =
1
Nf

∑Nf

t=1 IoU(b̂t, bt), where Nf represents the total number of frames of the video. b̂t and bt
are the predicted and ground-truth boxes at time t, respectively. To evaluate spatial aerial video
grounding, we employ m_vIoU and vIoU@R as evaluation criteria. m_vIoU is the average vIoU
of video samples. The prediction for a video is considered "accurate" if vIoU exceeds a threshold.
vIoU@R is the proportion of video samples for which vIoU > R. The above metrics evaluate the
model’s performance based on the global spatial localization accuracy of the video. To assess the
model’s localization stability for each frame, we introduce a novel metric, fAcc. The prediction
for a frame in the video is considered "accurate" if the frame IoU exceeds 0.5. fAcc represents the
proportion of frames in a video that are predicted correctly. m_fAcc denotes the average fAcc across
all videos samples. fAcc@R is the proportion of video samples where fAcc > R. The threshold R
is usually set to 0.3 and 0.5 during testing.
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Table 2: Performance comparisons of the state-of-the-art methods on the UAV-SVG test set.

Methods Visual
Encoder

Language
Encoder m_vIoU vIoU@0.3 vIoU@0.5 m_fAcc fAcc@0.3 fAcc@0.5

Co-grounding [35]CVPR’21 Darknet53 Bi-LSTM 10.24 21.66 6.11 11.17 16.29 8.40
DCNet [36]ACMMM’22 Darknet53 BERT 11.65 23.58 8.79 13.10 17.64 9.21
TubeDETR [17]CVPR’22 ResNet101 RoBERTa 22.60 32.91 20.49 23.84 29.69 22.00
STCAT[18]NeurIPS’22 ResNet101 RoBERTa 24.14 35.51 22.48 27.17 33.39 25.36
SGFDN [45]ACMMM’23 ResNet101 RoBERTa 20.13 28.16 15.47 19.13 22.71 17.39
CG-STVG [19]CVPR’24 ResNet101 RoBERTa 21.23 28.82 19.04 22.32 26.24 20.41
VideoGrounding-DINO [20]CVPR’24 Swin-Trans. BERT 23.83 33.84 19.92 25.80 31.72 23.00
SAVG-DETR (Ours) ResNet101 RoBERTa 27.15 38.18 22.85 28.82 35.85 26.55

Table 3: Ablation study of key components of
our SAVG-DETR framework.

Encoder Decoder m_vIoU m_fAcc

IMIB CVFB MLMM QPG MPSD (%) (%)

✓ 22.38 25.46
✓ ✓ 19.37 21.84
✓ ✓ ✓ 25.44 26.54
✓ ✓ ✓ ✓ 26.88 27.92
✓ ✓ ✓ ✓ ✓ 27.15 28.82

Table 4: Comparisons of the variants and baselines.

Variants or
Methods

m_vIoU
(%)

m_fAcc
(%)

FLOPs
(G)

Param
(M)

Mem
(G)

A 17.64 18.93 65.07 184.22 9.8
B 22.11 24.30 120.51 199.77 14.4
C / / / 199.77 >48
D 26.64 27.49 245.37 215.92 31.5

E (Ours) 27.15 28.82 203.08 209.23 28.7
TubeDETR [17] 22.60 23.84 144.04 185.17 11.5

STCAT [18] 24.14 27.17 175.46 207.14 15.9
SGFDN [45] 20.13 19.13 53.65 178.91 4.3

CG-STVG [19] 21.23 22.32 231.31 192.83 27.3

5.2 Comparison with the State-of-the-art Methods

To fully verify the superiority of our proposed SAVG-DETR, we compare it with all SOTA methods
on Table 2. Specifically, we provide two sets of comparison methods: 1) SOTA video REC methods:
Co-grounding [35] and DCNet [36]. 2) SOTA spatio-temporal video grounding methods: TubeDETR
[17], STCAT [18], SGFDN [45], CG-STVG [19], and VideoGrounding-DINO [20]. To date, CG-
STVG and VideoGrounding-DINO have achieved the best performance in natural scenes. Our
SAVG-DETR outperforms the state-of-the-arts consistently in all evaluation metrics. We provide
more detailed baselines, result analyses, advantages and disadvantages of different methods in Sec.
D.2 of the supplementary material.

5.3 Ablation Studies

Ablation study on key components of SAVG-DETR. In Table 3, we conduct a thorough ablation
study on the proposed components. The first row performs SAVG with only intra-scale multi-modality
interaction branch (IMIB), vanilla decoder, and prediction head. On this basis, we further introduce
multi-scale visual features into the decoder. It can be found that the accuracy drops significantly by
about 3 points, in the second row of Table 3. IMIB only processes high-level single-scale interaction,
while other lower-level visual features without multi-modal interactions cannot be accurately decoded.
To solve this problem, in the third row, we further add the cross-scale visual-only fusion branch
(CVFB) to achieve multi-scale fusion. Lower-level visual features gather contextual information
from the high-level visual features of multi-modal interactions. We find the accuracy is improved
by about 6 points. The fourth row modulates language features through multi-scale visual features
and guides object queries to capture spatial information more accurately in the decoder. We find the
accuracy is again boosted by about 1 point. The last row shows that after applying the query and
position generator (QPG), our full-fledged model achieves the best performance.

Design of the multi-modality multi-scale spatio-temporal encoder and computation analysis.
In Table 4, we evaluate the performance and complexity of the variants designed in Sec. C.1 of the
supplementary material and other baselines. Compared to variant A, variant B has an approximately
5% increase in performance and an 85% increase in FLOPs. This proves that intra-scale multi-modal
interaction is very important, but the Transformer encoder has a high computational overhead. The
computational cost of the self-attention is shown as a quadratic increase in the sequence length of the
input. Variant C maintains the same parameter size as B, but it inputs multi-scale multi-modal features
of long sequences, resulting in a significant increase in FLOPs and an unaffordable memory demand
(out of memory). Variant D reduces FLOPs compared with C and has a performance increase of about
3.5% over B, indicating that our decoupling strategy not only reduces computational complexity
but also increases performance. Our SAVG-DETR offers 0.9% performance improvement and 17%
FLOPs reduction over D. Compared with other methods, SAVG-DETR has the largest size and
memory usage due to the processing of multi-scale features. However, we efficiently decouple
multi-modality and multi-scale spatio-temporal modeling, which significantly improves performance.
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Table 5: More ablation studies. Detailed analysis is shown in Sec. D.3 of the supplementary material.

(a) Intra-scale multi-modality interaction branch

Video tokens SIL TIL m_vIoU m_fAcc

Average pooled frame tokens ✓ 25.21 25.58
Max pooled frame tokens ✓ 25.92 27.14
Learnable tokens ✓ ✓ 27.15 28.82

(b) Object query initialization strategies

Query generation m_vIoU m_fAcc

Zero vector embedding 26.94 28.51
Average pooled language tokens 24.91 25.11
Max pooled language tokens 25.37 25.96
Query and position generator 27.15 28.82

(c) Time encoding and temporal
self-attention on the MPSD

Time
Encoding

Temporal
Self-Attention

m_vIoU
(%)

m_fAcc
(%)

25.56 25.30
✓ 25.95 26.66

✓ 26.21 27.79
✓ ✓ 27.15 28.82

(d) Multi-level vision-language
features on the MPSD

Language
features

Visual
features

m_vIoU
(%)

m_fAcc
(%)

23.12 25.79
✓ 24.20 25.90

✓ 25.96 26.79
✓ ✓ 27.15 28.82

(e) Positional embedding and offsets
generator on the MPSD

Positional
Embedding

Offsets
Generator

m_vIoU
(%)

m_fAcc
(%)

learnable 24.84 24.42
learnable ✓ 22.99 24.49

reference anchors 23.57 24.18
reference anchors ✓ 27.15 28.82

(f) Number of decoder layers on the MPSD.

Layer
Index

M = 4 M = 5 M = 6 M = 7

m_vIoU m_fAcc m_vIoU m_fAcc m_vIoU m_fAcc m_vIoU m_fAcc

m = 7 - - - - - - 26.88 28.21
m = 6 - - - - 27.15 28.82 26.82 28.16
m = 5 - - 25.94 27.35 26.93 28.45 25.65 27.34
m = 4 21.98 23.01 25.12 26.04 25.82 27.68 25.16 26.65
m = 3 21.36 22.23 24.53 25.33 25.94 26.38 24.58 25.30
m = 2 20.89 21.77 23.26 24.93 24.48 25.55 23.39 23.64
m = 1 19.45 20.27 22.48 23.94 22.87 24.09 21.32 22.81

(g) Different level decoder combinations.

High-level
Decoder

Mid-level
Decoder

Low-level
Decoder

m_vIoU
(%)

m_fAcc
(%)

6 0 0 23.12 25.79
3 2 1 24.38 26.23
2 2 2 26.24 27.47
1 2 3 27.15 28.82
1 1 4 25.36 26.71
0 0 6 22.89 23.67

Expression 2：The only white coach that is driving near the building in the lower right corner, towards the left.

Ground TruthGround Truth SAVG-DETRSAVG-DETR TubeDETRTubeDETR STCATSTCAT SGFDNSGFDN CG-STVGCG-STVG VideoGrounding-DINOVideoGrounding-DINO

Expression 1：The only white speedboat towards the upper left of the sea, sailing with a rubber dinghy.

Figure 5: Qualitative results of different methods on the UAV-SVG benchmark.

SAVG-DETR achieves a better trade-off between performance and complexity. We provide more
detailed ablation studies in Sec. D.3 of the supplementary material.

5.4 Visualization Analysis

In Figure 5, we present some qualitative examples, comparing with other methods. The challenge
posed by small objects in aerial scenes is intuitively apparent. Additionally, in Expressions 1 and 2,
multiple small, similar moving objects of the same class appear in frames, presenting a significant
challenge. In Expressions 1 and 2, it is necessary to understand both the object semantic and the
complex spatial motion, and to reason about the regional location of the speedboat and coach. In
Expression 2, although STCAT (yellow) can initially detect the coach in the first frame, it gradually
fail to locate it. Our proposed SAVG-DETR (red) performs well and achieves reasonable localization
results. SGFDN (cyan) locates the blue coach as it pulls into the building in the lower right corner. As
the drone moves, the blue coach disappears from view and SGFDN locates the parked white coach.
We provide more qualitative results and failure analysis in Sec. D.4 of the supplementary material,

6 Conclusion

In this paper, we introduce a novel SAVG task and contribute a challenging large-scale benchmark
UAV-SVG. To improve the grounding performance of aerial small objects and consistency across
frames, we propose SAVG-DETR framework. The core design is a multi-modality multi-scale
spatio-temporal encoder for cross-modal cross-scale feature fusion and alignment, and a hierarchical
progressive decoder for efficient spatial tube prediction. From coarse to fine, SAVG-DETR gradually
bridges the modality gap and iteratively refines reference anchors of the referred object. Extensive
experiments validate the effectiveness and superiority of the proposed method.
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Technical Appendices and Supplementary Material

In the supplementary material, we will introduce the following content to complement the details of our study.

• Sec. A: More Introduction

• Sec. B: More Benchmark Details

• Sec. C: More Details of the Methodology

• Sec. D: More Experiments

• Sec. E: Licenses

• Sec. F: Limitations and Future Work

• Sec. G: Societal Impact

A More Introduction

We provide some data samples of existing benchmarks in natural scenes, and our UAV-SVG benchmark samples
are shown in Figure 6. The SVG task in natural scenes has predominantly focused on the ego-centric fixed front
perspective and a simple scene, which only provides a very limited view and environment. The referred object
covers a significant portion of the frame image. Moreover, the main objects referred to are mainly human beings.

Query: A gray elephant walks from left to right.

Query: A boy kicking a ball to an older man.

Query1: A little boy with a Christmas hat is catching a yellow toy.

Query2: What is caught by the squatting boy on the floor?

The man in blue clothes speaks, and the blue man follows him and walks forward.Query: 

 The man riding the electric bike next to the flower bed form the upper left corner 
 of the roundabout to the lower left.

Query: 

Query:   The green bus that is heading to the upper right, from the lower left corner of the     
  Bell Tower roundabout.
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Figure 6: Spatial video grounding data samples in natural scenes and our UAV-SVG data samples.
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B More Benchmark Details

B.1 Dataset Annotation

The construction pipeline of the newly proposed dataset is shown in Figure 2. Step 1: Manual Data Cleaning
and Spatio-Temporal Tube Correction. Due to the hard defects of WebUAV-3M, such as signal instability,
black screen, sudden change of inter-frame resolution, and target out of view, we carried out data cleaning and
spatio-temporal tube clipping. The temporal tubes and bounding boxes of the video sequences are verified
manually to ensure accuracy. Referring to VID-sentence [6], we delete videos with less than 9 frames. Step
2: Referring Expression Generation. We design the object-specific prompt with human priors to generate
referring expressions by the Gemini 1.5 Pro model. Specifically, we incorporate WebUAV-3M’s manually
annotated object descriptions into the prompt. The Gemini 1.5 augments more referring expressions with
reference to the keyframe images and human prior information. Due to Gemini’s limitation in continuous input
processing, we integrate keyframes into a single composite image for input. Gemini 1.5 Pro is capable of
handling contexts of up to 1 million tokens, which is currently the longest context window of any large model.
In addition, many studies [58, 59] and reviews have shown that the Gemini 1.5 Pro performs better than GPT-4o.
Step 3: Manual Checking and Error Fixing. Our team strives to maintain non-ambiguous and high-quality
annotation through manual quality control. Each expression is manually checked to determine whether the
described attributes are correct and whether the referred object can be uniquely distinguished. Correct any
errors that exist in the raw expressions. If an instance is difficult to describe uniquely and precisely or is hard to
distinguish from other objects, discard this sample. Our manual verification of the dataset takes about 3 months.

B.2 Analyses of UAV-SVG

This section analyzes the salient differences between UAV-SVG and existing video grounding benchmarks. The
three most widely used video-based spatial visual grounding datasets for natural scenes include VID-sentence
[6], VidSTG [7], and HC-STVG [8]. Our analysis encompasses the following viewpoints.

Video resolution and scales of bounding boxes. In Figure 7 (a), the distribution pattern of the video resolution
in different benchmarks is illustrated by the different color circle distributions and the area of circles. It is evident
that UAV-SVG’s video resolution (red) is more widely distributed and contains more high-resolution videos
than other datasets. The natural scene video is mainly concentrated in the area of 1,200 × 1,000. UAV-SVG
contains more video than this resolution, even up to 2,000 pixels wide or high. In Figures 7 (b), (c), and (d), the
relative area and absolute area of the bounding box are shown respectively. It is clear that UAV-SVG exhibits
greater scale differences compared to other datasets. The relative area and absolute area of the bounding box
in UAV-SVG are small, and the absolute area is mainly concentrated within 200 pixels. This data reveals the
challenges of small object grounding for the UAV-SVG benchmark.
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Figure 7: A comparative analysis of our UAV-SVG against the HC-STVG, VidSTG, and VID-
Sentence benchmarks. (a) represents the distribution of video resolution (height and width), and the
area of each circle is proportional to the number corresponding resolution. (b) and (c) illustrate the
distribution patterns of the relative area of each frame bounding box with respect to the frame size
and the pixel count (in terms of the product of height and width). (d) shows the density distribution
map of the bounding box size of our UAV-SVG dataset in detail.

Lengths of expressions. As shown in Table 1, the descriptions of UAV-SVG contain a vocabulary of 3,242
words. The minimum and maximum length of the sentences are 4 and 46, respectively. The descriptions have
an average of 16.39 words. We demonstrate the word count distribution of the expression lengths in Figures
8 (a) and (b). We note that the expression lengths of VID-sentence and VidSTG are shorter and are mainly
distributed to the left of 15. HC-STVG and our UAV-SVG are much more widely distributed. Figure 8 (c) shows
the word clouds for all descriptions of UAV-SVG. We can see that UAV-SVG covers a wide range of descriptions,
including objects, attributes, relationships, motions, etc. Longer expressions can accommodate more details
about the object’s attributes, appearance, location, relationships, and changes, which increases the semantic
space that the model needs to consider and brings challenges to spatial video grounding.
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(c) Word cloud of UAV-SVG
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(a) Word-count distribution of expressions (b) Word-count distribution of UAV-SVG (d) Proportion of the 12 superclasses

Word count (expression length)

Figure 8: (a) and (b) show the sentence lengths’ distribution. (c) presents the word cloud of UAV-SVG
vocabulary with each word proportional to its frequency. (d) shows the proportion of each object
superclass in UAV-SVG.

Quantities of object classes. As shown in Figure 8 (d), all videos of UAV-SVG are divided into 12 superclasses,
including person, animal, vehicle, building, vessel, public transport, aircraft, agricultural machinery, industry
machine, plant, artifact, and natural object. More specifically, UAV-SVG includes 216 object classes and 73
motion classes in total. The histograms of the object classes and the motion classes are shown in Figures 9 and
10, respectively. We can observe that the entire aerial videos and the number of videos in each set of superclasses
present a long-tail distribution. For example, the vehicle and person superclasses contain 941 and 849 videos,
respectively, while the natural object and plant superclasses only have 21 and 16 videos. For example, the sedan
and SUV objects in the vehicle superclass contain 210 and 164 videos, respectively, while the police van has
only 1 video. These reflect the true distribution of objects in the aerial video source. As shown in Table 1, our
UAV-SVG clearly has more diverse and richer object categories than other natural scene datasets. These long-tail
distributions and rich object classes pose significant challenges in building accurate and robust grounding models
for aerial video.
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Figure 9: The number of videos per group of object classes. The colors of the bar chart represent 12
superclasses, from left to right: aircraft, vehicle, building, public transport, vessel, people, animal,
artifact, agricultural machinery, and natural object. The detailed classification of the people superclass
is shown in Figure 10. Best viewed by zooming in.
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Figure 10: The number of videos per group of motion classes. Best viewed by zooming in.
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Target position distribution. The distribution of the normalized target center position in different datasets is
shown in Figure 11. HC-STVG’s videos come from movies and are carefully selected with human-centric clips.
The object centers of HC-STVG are clearly distributed around y=0.5 and below. Because movies are mainly
eye-level line shots, that is, the camera is roughly parallel to the line of sight of the subject, and the character is
placed in the middle of the picture. The videos of VID-sentence and VidSTG are both hand-held or ego-centric
fixed front perspectives, which provide only a very limited view. VidSTG is radial in three directions from the
center point to the left, right, and down. The position distribution of VID-sentence radiates from the center
to the periphery, and UAV-SVG is similar. In addition, UAV-SVG also contains a number of scattered objects
distributed in the edge parts. In Figure 11, the targets of UAV-SVG in the training and test sets have similar
position distributions, concentrated (i.e., highlighted) in the central region of the images.
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Figure 11: Target position distributions. Best viewed by zooming in.

Other statistics UAV-SVG contains over 2.01 million frames across 3,564 videos and offers 216 highly diverse
object categories. The total duration and average duration of videos are 18.7h and 18.86s, as shown in Table
1. There are 17,820 video-sentence-tube triples in our newly constructed UAV-SVG dataset, including 14,060
training triples, 845 validation triples, and 2,915 testing triples, shown in Table 6. We believe that the unique
characteristics of UAV-SVG can open the door for the spatial aerial video grounding paradigm with practically
useful and broader real-life applications.

Table 6: Dataset Statistics of the UAV-SVG dataset.
#Query #Video #Super. #Object. #Motion.

Train 14,060 2,812 12 202 67
Val 845 169 10 50 14
Test 2,915 583 12 113 36

All 17,820 3,564 12 216 73

B.3 Dataset Characteristics

Spatio-temporal video grounding in natural scenes is quite different from that in aerial scenes. As shown in Table
1, the scale of referring expressions in VID-sentence and HC-STVG is relatively small. Moreover, the objects of
VID-sentence are limited to two superclasses, animal and vehicle. HC-STVG is a human-centric video dataset
with only humans as its objects. VidSTG had the largest data size, but the proportion of objects in human and
animal superclasses reaches 92.12%. In summary, the scenarios of the above datasets are simple and the number
of object categories is limited. In contrast, UAV aerial videos have a broader field of view and encompass a
wider and more complex range of object categories, posing a higher challenge to the spatio-temporal video
grounding task. The top left corner of Figure 2 illustrates some challenging samples. Specifically, compared to
existing datasets, our proposed UAV-SVG dataset has the following characteristics and challenges:

1. Fast Motion (FM): The motion of the object is too fast, resulting in large bounding box differences
between each frame, such as the wind turbine blade.

2. Illumination Variations (IV): The illumination of the target region changes due to the sun irradiation
and the movement of the camera. There is also a low-illumination problem at dusk and night.

3. Partial Occlusion (PO): The object is partially occluded in the video sequence, such as the truck
entering the interior of the viaduct.
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4. Camera Motion (CM): The UAV carrying the camera may suddenly move and cause the picture to
change rapidly.

5. Scale Variations (SV): The object bounding box ratio varies greatly between different frames, such as
a ship in the frame.

6. Viewpoint Changes (VC): Due to the co-motion of the camera and the object, the viewpoint changes,
which seriously affects the appearance of the object. For example, a cable car that moves on a cable.

7. ROTation (ROT): Objects continuously rotate in the video sequence, such as a car driving on a curved
highway.

8. Aspect Ratio Variations (ARV): The aspect ratio of the object bounding box varies greatly, such as a
high-speed train running at high speed.

9. Low Resolution (LR): Due to the large sky view field of UAV, most of the objects in aerial video are
small targets with low resolution, especially the human and car.

10. DEFormation (DEF): Objects are deformable during tracking, such as the player in intense motion on
the basketball court.

11. Background Clutter (BC): In the scene of aerial photography, the background and the object often
have similar appearance, which is easy to be confused and difficult to distinguish.

12. Motion Blur (MB): The object region is blurred by the fast motion of the target or the camera, such as
a fast flying white bird.

C More Details of the Methodology

As shown in Figure 3, our proposed SAVG-DETR consists of an aerial video-text feature extractor, a multi-
modality multi-scale spatio-temporal encoder, and a hierarchical progressive decoder. In this section, we present
a more concrete exposition for our multi-modality multi-scale spatio-temporal encoder (Sec. C.1), hierarchical
progressive decoder (Sec. C.2), and improved spatial grounding loss function (Sec. C.3).

C.1 Multi-Modality Multi-Scale Spatio-Temporal Encoder

A B C D E+ Intra-scale+ Intra-scale + Cross-scale+ Cross-scale DecoupledDecoupled EnhancedEnhanced
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Figure 12: The different types of multi-modal multi-scale encoder variants and the evolution process.
The number of blue arrows indicates the number of visual scales.

The introduction of multi-scale features in UAV object detection can accelerate convergence and improve
performance [53, 54]. Inspired by this, we introduce multi-scale visual features into the traditional multi-
modality spatio-temporal encoder. However, computing the self-attention between multi-scale visual features
and language features for each frame is computationally expensive and unaffordable. To overcome this problem,
we rethink the structure of the spatio-temporal encoder. In order to intuitively understand the design idea, we
show the different types of encoder variants and the evolution process in Figure 12. The details are as follows:

• The initial variant A directly connects multi-modal and multi-scale features without any encoding or
fusion, which will not be effectively used for decoding.

• Variant B inserts a single-scale multi-modal encoder to first conduct intra-scale multimodal encoding,
followed by feature concatenation for output.

• Variant C directly feeds concatenated multi-modal multi-scale features into a transformer encoder,
performing cross-scale cross-modal interaction.

• Variant D decouples multi-scale multi-modal interaction into two cascaded processes of intra-scale
multi-modal encoding and CNN-based cross-scale multi-modal fusion.
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Figure 13: Intra-scale multi-modality interaction branch is a stack of N layers. Each layer consists of
spatial interaction layer and temporal interaction layer. The spatial interaction layer fuses information
across spatial dimensions and vision-language modalities locally in each frame. The temporal
interaction layer fuses information across temporal dimensions in the global video-language context.

• Variant E proposes a more refined and enhanced framework that cascades intra-scale multi-modal
interaction and cross-scale visual fusion based on D. Our framework only performs intra-scale multi-
modal interaction on S5 and visual-only multi-scale fusion, which further reduces the computational
cost of variant D. This is because high-level features contain richer semantic concepts about the
object and can capture the referred object entity in conjunction with the language modality. However,
multi-modal interaction of low-level features lacking semantic information may introduce confusion
or redundancy with high-level multi-modal interactions.

Based on the above analysis, we propose the Intra-Scale Multi-Modality Interaction Branch and the Cross-Scale
Visual-only Fusion Branch.

C.1.1 Intra-scale Multi-modality Interaction Branch

This branch aims to model multi-modality interactions between the language features F l and high-level aerial
video features F v5 =

{
F v5t ∈ RC×Nv5

}T

t=1
. Specifically, the branch consists of a N layer encoder based

on self-attention. Each layer starts with a spatial interaction layer followed by a temporal interaction layer, as
shown in Figure 13. The spatial interaction layer can conduct local spatial attention on each frame. We introduce
a learnable embedding F f

t ∈ RC×1 (namely frame token) in t-th frame to capture the spatial context of the
referred object through intra-modality and inter-modality interactions. Then, we formulate the joint input tokens
xs

t of the spatial interaction layer on the t-th frame as:

xs
t = [F 1

v5t ,F
2
v5t , . . .F

Nv5
v5t︸ ︷︷ ︸

video tokens F v5t

, F 1
l ,F

2
l , . . . ,F

Nl
l︸ ︷︷ ︸

language tokens F l

,F f
t ]. (13)

After obtaining the input xs
t ∈ RC×(Nv5+Nl+1) as described above, we apply the self-attention across spatial

dimensions to embed xs
t . To retain the positional and modality information, we add learnable position encodings

to the input xs
t of each layer. Thanks to the attention mechanism, frame tokens F f = {F f

t }Tt=1 fuse information
across spatial dimensions of visual and textual modalities. The spatial interaction layer conducts local spatial
modeling for each frame but lacks global temporal modeling which is important for the prediction consistency
among aerial video frames. To address this issue, we propose the temporal interaction layer which applies the
self-attention across temporal dimensions between learnable frames tokens. Similarly, we introduce a learnable
embedding F v ∈ R1×C (namely video token) to capture the global aerial video-text context. We formulate the
joint input tokens xte of the temporal interaction layer as:

xtem = [F f
1 ,F

f
2 , . . . ,F

f
T︸ ︷︷ ︸

frame tokens F f

,F v], (14)

where xtem ∈ RC×(T+1). To retain the temporal information, we add a sinusoidal temporal position encoding
to the positional part of the input xtem. After the intra-scale multi-modality interaction branch, we split
the aerial video features FN

v5 ∈ RT×C×Nv5 and language features FN
l ∈ RT×C×Nl from the output xs ∈

RT×C×(Nv5+Nl+1) at layer N and split the output xtem at layer N to frame tokens F f ∈ RT×C and video
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tokens F v ∈ R1×C . Then we input the high-level video features into the cross-scale visual-only fusion branch,
the language features into the hierarchical progressive decoder, and the frame tokens and video tokens into the
query and position generator.

C.1.2 Cross-scale Visual-only Fusion Branch

The structure of this branch is illustrated in Figure 14. The flattened multi-scale features {F v3,F v4,F
N
v5} are

restored to the same shape as the feature maps {S3,S4,S5} as input. The fusion block including two 1 × 1
convolutions and 3 RepBlocks [60] can fuse two adjacent scale features into a new feature. First, to enhance the
detection performance of small and occluded objects, we introduce the MSFF-FE module on the large-scale
low-level feature F v3. This module employs a cross-stage partial strategy to fuse spatial and frequency domain
information from multiple scales, thereby maximally preserving the details of small objects. Second, to prevent
the loss of critical spatial details during vanilla downsampling, we introduce a frequency-focused down-sampling
strategy that preserves dual-domain information. Finally, to ensure that the semantic information of high-level
features can be fully transferred to low-level features, we introduce the SAC module. By aligning and fusing
scale S5 with S3, we enhance the semantic representation capability of low-level visual features. The detailed
calculation process of the MSFF-FE module, FD strategy, and SAC module can be found in the literature
[23]. After the cross-scale visual-only fusion procedure, we flatten the fused multi-scale features and harvest
multi-level visual features F F

vi ∈ RT×C×Nvi(i = 3, 4, 5). Then we input the multi-level visual features to our
hierarchical progressive decoder for grounding object:

V low−level,V mid−level,V high−level = F F
v3,F

F
v4,F

F
v5. (15)
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Figure 14: The structure of cross-scale visual-only fusion branch. MSFF-FE denotes the multi-scale
feature fusion with frequency enhancement module. FD denotes frequency-focused down-sampling.
SAC represents semantic alignment and calibration module.

C.2 Hierarchical Progressive Decoder

Our proposed hierarchical progressive decoder consists of three submodules: the multi-level language modulation
module, the query and position generator, and the multi-level progressive spatial decoder. The modulation
module integrates multi-scale visual information into language features. The generator yields context-rich
object queries and initial reference anchor boxes. Previous object detectors [56, 57] amplify the importance
of low-level features to enhance small object detection capabilities. Therefore, the multi-level progressive
spatial decoder decodes from high level to low level, and gradually increases the number of decoding layers
for lower-level features. Unlike existing methods, our method does not directly regress the bounding box by
cascading a prediction head after the decoder. To improve the prediction consistency, reference anchors as
positional embedding constrict the grounding region at each decoder layer. The queries are used to predict
offsets and to update the reference anchors at each layer. This framework progressively refines reference anchors
of the referred object, eventually grounding the spatial tube.

C.2.1 Multi-level Language Modulation Module

As shown in Figure 4, the multi-level language modulation module is a cross-attention mechanism with the
SoftMax activation function. The resulting multi-level language features at different levels are:

Llow−level,Lmid−level,Lhigh−level = F 3
l ,F

4
l ,F

5
l , (16)

where F i
l =

{
F i

lt

}T

t=1
(i = 3, 4, 5). The subsequent spatial decoder can utilize multi-level language features

as guidance to make queries decode the more relevant object regions in different levels of visual features.
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C.2.2 Query and Position Generator

The structure is shown in Figure 4. Firstly, we project the video tokens F v as the initial queries:

Q0
t = W qF

v + bq, (17)

where Q0
t ∈ RC and W q and bq are learnable parameters. The Q0

t is temporally replicated T times for each
frame resulting in object queries Q0 =

{
Q0

t

}T

t=1
. The positional part of the initial queries Q0 is computed

using the initial reference anchor boxes B0. For the subsequent decoder layers, these queries and anchor boxes
are updated iteratively.

C.2.3 Multi-level Progressive Spatial Decoder

As shown in Figure 4, each layer consists of six submodules: positional embedding, temporal self-attention,
language cross-attention, visual cross-attention, feed-forward network (FFN), and offsets generator.

First, the corresponding positional embedding process of the m-th layer is as follows:

Pm
t = MLP(SinEmbed(bm−1

t )). (18)

The multi-layer perception (MLP) consists of 2 fully connected layers. In addition to positional embedding Pm
t ,

sinusoidal temporal positional encoding is added to the positional part of the object queries.

Then, the temporal self-attention applies a multi-head self-attention (MHSA) to the object queries along the
temporal dimension. The long temporal dependence is modeled by temporal self-attention across frames.
Next, based on multi-head cross-attention (MHCA), MPSD utilizes multi-level language and visual features
as guidance to progressively decode the object position from high-level to low-level. The lower-level feature
contains more spatial details, which is beneficial to spatial grounding. We update the object queries Qm in each
spatial decoder layer.

C.3 Training Objectives

The ground-truth spatial tube contains the bounding box sequence B = {bt}Tt=1. The final predicted box
sequence is obtained by B̂ = {bMt }Tt=1. The existing literature [17, 19, 20] utilizes the weighted sum of standard
L1 loss LL1 and the Generalized Intersection over Union (GIoU) loss LGIoU as the spatial grounding loss.
However, LGIoU is less effective for small objects in bounding box regression, especially when the IoU value is
low. Inspired by existing work [61], we adopt larger auxiliary bounding boxes to calculate losses, as illustrated
in Figure 15. We introduce a scaling-up ratio r to control the width and height of auxiliary ground-truth boxes

B
′

and auxiliary predicted boxes B̂
′

. Formally, the auxiliary IoU is calculated as:

Aux-IoU =
Overlap
Union

=
|B̂

′

∩B
′
|

|B̂
′
∪B

′ |
. (19)

Then, we define the auxiliary GIoU loss as:

LAuxGIoU = LGIoU + IoU − Aux-IoU. (20)

Finally, the spatial aerial video grounding loss is defined as:

L = λL1LL1(B̂,B) + λAuxGIoULAuxGIoU (B̂,B). (21)

Ground-truth Box

Predicted Box

Ground-truth Box

Predicted Box

Auxiliary Ground-truth Box
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Auxiliary Area of Overlap

Area of Overlap

Figure 15: The illustration of larger auxiliary bounding boxes.
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D More Experiments

D.1 Implementation Details

To make a fair comparison, we follow the previous work [5, 17, 20] and utilize the ResNet-101 [62] as the
visual encoder and RoBERTa [52] as the language encoder. For the transformer-based attention, the number
of attention heads is set to 8 and the hidden dimension of feed-forward networks in the attention layer is set
to 2,048. We empirically use hyper-parameters N = 6, M = 6, λL1 = 5, and λAuxGIoU = 4. We set the
initial learning rates to 2× 10−5 for the visual backbone, 5× 10−5 for the language backbone, and 10−4 for
the rest of the network. The learning rate follows a linear schedule with warm-up for the language encoder and
the learning rate is dropped by 0.1 after 6 epochs for the rest of the network. We use the AdamW optimizer
and weight decay rate 10−4 for training 20 epochs. Video data augmentation includes spatial random resizing
and spatial random cropping preserving box annotations. We sample 5 frames per second for videos and we
uniformly sample 100 frames for videos with more than 100 sampled frames. The proposed SAVG-DETR is
trained using PyTorch on 2 NVIDIA L20 48G GPUs with 1 video per GPU and the whole optimization takes
around 4 days. Due to the limits of GPU memory, the resolution of input on the UAV-SVG dataset is set to 224.

D.2 Baselines and Quantitative Analysis

Baselines:

• Co-grounding [35] and DCNet [36]: They are methods for Video Referring Expression Comprehension,
which only use single-frame images and expressions to complete object localization. Co-grounding
and DCNet combine adjacent frames to complete object localization.

• TubeDETR [17]: It is the first transformer-based architecture inspired by DETR, specifically including
an efficient video-text encoder and a space-time decoder. The encoder models spatial multi-modal
interactions over sparsely sampled frames.

• STCAT [18]: To alleviate feature alignment inconsistency and prediction inconsistency, it proposes a
novel multi-modal template that explicitly constricts the grounding region and associates predictions
between video frames.

• SGFDN [45]: It decomposes 3D spatio-temporal features into 2D motion and 1D object embedding,
which can effectively reduce the computational complexity. Based on this strategy, attention is used to
capture cross-modal interactions on multiple space-time scales.

• CG-STVG [19]: It learns the discriminant instance context of the object in each decoding stage, serves
as a guide to enhance the target awareness in the next decoding stage, and also helps to generate better
new instance context to improve the localization.

• VideoGrounding-DINO [20]: It utilizes the pre-trained representations from foundational spatial
grounding models to bridge the semantic gap between natural language and diverse visual content,
and can effectively respond to open-vocabulary and closed-set scenarios.

Quantitative Analysis:

Our SAVG-DETR outperforms the state-of-the-arts consistently in all evaluation metrics. Co-grounding and
DCNet are unable to handle T-frame global video features and lack spatio-temporal context modeling. For
example, in Figure 3, the bus is heading towards the upper right. Co-grounding and DCNet have lower
performance as they fail to provide a global understanding of object space motion.

In particular, we surpass the strong baseline VideoGrounding-DINO on the m_vIoU and m_fAcc metrics with
absolute gains of up to 3.32% and 3.02%, respectively. We consistently outperform CG-STVG significantly
despite that CG-STVG mines relevant and beneficial instance context during decoding, which shows the great
potential of our method. Because there are a lot of small objects and similar objects in the aerial scene, it is
very difficult to mine discriminative instance context accurately by using single high-level scale. If the learned
context contains irrelevant or even harmful information, the object queries will localize the wrong region in the
decoding stage.

SGFDN can enjoy advanced performance with less computational complexity in natural video datasets, but has
the worst performance in the SAVG task. This is precisely because its 3D decomposition strategy will lose a lot
of object-related semantic information and motion information in aerial video, resulting in performance damage.
This proves the challenge of the UAV-SVG dataset.

The suboptimal performance achieved by STCAT is attributed to the spatio-temporal consistency-aware trans-
former framework. The movement of UAVs, coupled with the motion of ground objects, causes the grounding
model to face the drawbacks of feature alignment and grounding inconsistency. STCAT proposes global context
modeling to generate multi-modal templates, enjoying more consistent cross-modal feature alignment and
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grounding capabilities across frames. Our model still outperforms it on the m_vIoU and m_fAcc metrics with
absolute gains of up to 3.01% and 1.65%, respectively.

Similar to VideoGrounding-DINO, TubeDETR adoptes a DETR-like architecture enhanced by temporal ag-
gregation modules. However, TubeDETR performs spatial multi-modal interactions over sparsely sampled
frames. The difference between adjacent frames of aerial video is large and sparse sampling results in the loss of
fine-grained spatio-temporal information.

In summary, the challenging SAVG task requires more delicate architectures or targeted improvements, and
relatively generic improvements cannot significantly boost performance.

D.3 Additional Ablation Studies

In this section, we conduct ablation studies to demonstrate the effectiveness of each component in our proposed
SAVG-DETR framework.

D.3.1 Effect of the intra-scale multi-modality interaction branch

The intra-scale multi-modality interaction branch must perform local spatial modeling for each frame, followed
by global temporal modeling across the entire aerial video. This is crucial for conducting multi-modality
spatio-temporal interaction and modeling. To demonstrate the validity of this branch, we remove the temporal
interaction layer (TIL) as a variant of our model. For two specific variants, video tokens are the average
pooling or max pooling frame tokens, respectively. The quantitative ablation results are reported in Table 5 (a),
which show a distinct performance drop without TIL. "SIL" represents the spatial interaction layer. In contrast,
learnable tokens tend to be more equitable and flexible. In the TIL, they adaptively aggregate the information in
frame tokens to model the global object semantic information. While other variants are generated directly from
frame tokens, which involves biases to the specific context of the corresponding local spatial information.

D.3.2 Effect of the object queries initialization strategies

In Table 5 (b), we present ablation studies on the effectiveness of different object query initialization strategies.
The initialization strategies in existing grounding methods mainly include learnable zero vector [18], average
pooling or max pooling language tokens [1]. Among advanced visual grounding or video grounding methods,
initializing object queries with zero vectors is the most common. As shown in the first row of Table 5 (b), this
approach achieves similar performance to our method. When the object queries are initialized with the language
tokens, performance degradation occurs. Specifically, average pooling sets the same attention weights equally
for each word, max pooling selects one word token for each sentence to set its weight as 1 and that of others as
0. As empirically shown in the table, the best choice is to use video tokens for object query generation in our
proposed query and position generator.

D.3.3 Ablation study on the multi-level progressive spatial decoder

The design choice of our proposed multi-level progressive spatial decoder is ablated on five aspects.

The time encoding and temporal self-attention are responsible for modeling the long-range temporal interactions
in the object queries. As shown in Table 5 (c), our full decoder model is compared to variants without time
encoding, without temporal self-attention, and without both. The variant without both is equivalent to a pure
space-only decoder in the visual grounding task, which predicts each frame independently. The comparison
shows that having temporal self-attention results in better performance. When using both time encoding and
temporal self-attention, substantial performance gains are achieved over the space-only decoder.

As shown in Table 5 (d), our decoder is compared to variants without multi-level visual features, without
multi-level language features, and without both. The variant without both corresponds to a decoder with a single
high-level scale feature and cannot achieve competitive performance on the SAVG task. Language cross-attention
and visual cross-attention enable queries to probe features within frames. The queries are enriched to produce
the final contextualized representation used to generate the spatial tubes. Therefore, multi-level language or
visual features can bring additional improvements (row 1 vs. row 2 or row 3). However, multi-level visual
features can provide richer visual context for queries and gain more than multi-level language features (row 2 vs.
row 3). Finally, the best performance can be achieved when using multi-level vision-language features. The
language features modulated by multi-scale visual features can be used as a guide to help queries aggregate more
object-related spatial information in multi-level visual features. Therefore, our full-fledged model is a great
improvement over the single-scale decoder only (row 1 vs. row 4).

To demonstrate the effectiveness of our proposed progressive decoding paradigm based on offset generation, our
decoder is compared to variants without the offsets generator, without positional embedding based on reference
anchors, and without both. The variant without both degenerates into a framework with learnable positional
embeddings and a cascade of decoder and prediction head. This degenerate baseline directly adopts the final
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Table 7: Ablation on the scaling-up ratio of auxiliary loss.
Methods m_vIoU vIoU@0.3 vIoU@0.5 m_fAcc fAcc@0.3 fAcc@0.5

(r=0.90) 19.60 27.74 16.36 20.61 21.36 16.33
GIoU (r=1.00) 26.55 37.84 22.20 28.15 34.20 25.42
AuxGIoU (r=1.10) 26.83 36.84 22.92 28.80 34.72 26.00
AuxGIoU (r=1.15) 27.15 38.18 22.85 28.82 35.85 26.55
AuxGIoU (r=1.20) 21.83 29.95 17.12 21.17 23.84 18.87

object queries to predict the spatial tubes, which is the classic paradigm among the advanced visual grounding
or video grounding methods. As shown in Table 5 (e), our complete framework is a significant improvement
over the baseline (row 1 vs. row 4). Furthermore, we can observe performance degradation in the other two
variants (row 2 and row 3). Without positional embedding based on reference anchors, the offset generator
cannot accurately predict the object’s spatial offsets without the restriction of the grounding region (row 2). In
contrast, object queries cannot accurately predict the object’s spatial position in one step under the grounding
region limitation (row 3). Our framework uses reference anchors to guide object queries at each decoding stage
to predict offsets of the referred object and updates the reference anchor boxes for the next decoding stage. The
framework iteratively refines reference anchors of the referred object, which helps to improve the prediction
consistency.

In Table 5 (f), we evaluate our decoder when employing different numbers of decoder stages. As more decoder
layers are used, the accuracy increases steadily until the saturation point is M = 6. This reflects the importance of
multi-stage progressive reasoning for aerial video grounding. The progressive spatial decoder queries multi-level
language features and collects multi-level visual information in multiple rounds, enabling the referred aerial
object to be identified and localized more accurately. Since the accuracy does not improve at M =7, we employ
6 decoder layers for our decoder by default.

Furthermore, we provide different level decoder combinations based on 6 decoder layers and decoding from
high to low. The results are reported in Table 5 (g). We observe that under our decoding framework, the addition
of lower-level details can gradually improve grounding performance. When the number of high, middle, and
low-level decoders is 2, the second best performance can be achieved. When the number of low-level decoders
is greater than 3, the high-level semantic information is reduced or even no, and the performance is significantly
reduced (row 5 and row 6). This shows that our decoder achieves a better trade-off between low-level detail
information and high-level semantic information.

D.3.4 Effect of the scaling-up ratio of loss

To explore the effect of the scaling-up ratio, we start with 1 and gradually increase the ratio. In Table 7, our
experiments demonstrate that setting the scaling-up ratio r to 1.15 is an appropriate choice. When r is 1, the
auxiliary bounding box is the same as the actual bounding box, and the LAuxGIoU degenerates to the LGIoU .
When the ratio increases to 1.2, performance decreases significantly. This is due to the scale difference between
the larger auxiliary bounding boxes and the actual bounding boxes. If the ratio is too large, the auxiliary
bounding boxes cannot reflect the actual bounding box distribution and the quality of regression results, and the
performance will be greatly lost. To prove that calculating IoU with the smaller scale auxiliary bounding boxes
can not be beneficial for the presence of a large number of small object samples, we also set r to 0.9. The results
show that the smaller scale auxiliary bounding boxes will make the performance loss more serious.

D.4 Visualization Analysis

D.4.1 Qualitative Results

In Figure 16, we present more qualitative examples obtained from the UAV-SVG benchmark, comparing our
results with other methods. In Expressions 1, 2, and 3, multiple small, similar moving objects of the same
class appear in video frames, presenting a significant challenge. In Expression 3, most of the other methods
localize other people playing basketball on the court. STCAT (yellow) localizes near the boy early on, but later
experiences bounding box drift and is confused with the spectator outside the field. This is due to the semantic
bias "on the right half of the court" that occurs later with the movement of the drone. However, our SAVG-DETR
(red) provides stable tracking based on early results with high prediction consistency across frames. In the
challenging example with low illumination in Expression 4, although some methods (STCAT (yellow), SGFDN
(cyan), CG-STVG (pink)) can detect the referred object later, whereas our model maintains decent performance
throughout the video. In Expression 5, it is necessary to understand both the object semantic and the complex
spatial motion, and to reason about the regional location of the container truck. In Figures 18 and 19, we present
more qualitative examples.
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Expression 2：The only white coach that is driving near the building in the lower right corner, towards the left.

Expression 5：The red container truck driving on the leftmost lane of the highway on the far right side of the video.

Ground TruthGround Truth SAVG-DETRSAVG-DETR TubeDETRTubeDETR STCATSTCAT SGFDNSGFDN CG-STVGCG-STVG VideoGrounding-DINOVideoGrounding-DINO

Expression 1：The only white speedboat towards the upper left of the sea, sailing with a rubber dinghy.

Expression 4：The white single-decker bus driving on the bridge, which is smaller than the ships in the water.

Expression 3：The boy wearing black pants and grey sneakers who is playing basketball on the right half of the court and first one counting from the top.

Figure 16: Qualitative results of different methods on the UAV-SVG benchmark. Best viewed by
zooming in.

Expression 1：The fountain that is spraying in the middle of a circular pool on the river bank behind the bridge.

Expression 2：The white and red light rail coming from a distance and driving on the train tracks.

Expression 4：The man lying down on the grass, who is waiting for others to help him, located on the middle of 
                           the grassy field.

Expression 3：The white minivan that is driving towards the bridge in the far right lane, in the lower left corner.

Ground TruthGround Truth SAVG-DETRSAVG-DETR TubeDETRTubeDETR STCATSTCAT SGFDNSGFDN CG-STVGCG-STVG VideoGrounding-DINO

Figure 17: Some failure qualitative examples of the proposed method. Best viewed by zooming in.
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D.4.2 Failure Analysis

In Figure 17, we show some failure examples. In Expression 1, as the drone gets closer to the fountain, some
methods (SGFDN (cyan), CG-STVG (pink), TubeDETR (blue)) gradually localize the object. Although our
SAVG-DETR (red) fails to locate it accurately, by reasoning with the spatial position of the circular pool-river
bank-bridge, the red box can cover the green object region. In Expression 2, all methods struggle to locate
the “light rail” or only partially detect the object. Our SAVG-DETR (red) can cover its semantic region when
the light rail is far away. In Expression 3, the video showcases an extremely tiny white minivan, and there are
many similar small white vehicles. In this challenging example, all methods fail to locate it, whereas our model
predicts a large enveloping box (red) for stable tracking of the small "minivan" (green). Other methods often
predict semantically irrelevant regions. In Expression 4, this scenario involves significant viewpoint changes.
Our bounding box (red) can not accurately localize the region (green), but it is adjacent to the region of the
"man lying down on the grass". Even in the case of a final grounding failure, our SAVG-DETR framework can
maintain semantic relevance and stable consistency across frames. This is attributed to our decoding paradigm
based on offset generation.

E Licenses

We choose WebUAV-3M [9] as our data source. We have properly credited the creators or original owners of
assets used in the paper, and we follow the license GNU General Public License v3.0.

F Limitations and Future Work

Although our method is specifically designed for the SAVG task and surpasses the existing SoTA methods,
achieving the best balance between performance and complexity at the same time, there are still some limitations.
First, our method does not fully explore the real-time performance in practical applications. In practical
applications, real-time grounding and tracking of the object are required. Second, aerial scenes often have
occlusion situations, and our method has not been optimized for this problem yet.

In the future, we consider further expanding the multi-modality and multi-scale spatio-temporal modeling
method to further enhance the model’s ability to capture small-scale objects and occlusion objects. Moreover, it
is also necessary to explore the potential for smaller sizes and faster models.

G Societal Impact

In light of the fact that the era of low-altitude economy and the field of spatial temporal intelligence has just
begun, we establish a comprehensive benchmark for future advancements in spatial aerial video grounding. To
the best of our knowledge, this is the first to support the video grounding in the low-altitude UAV. With the
widespread application of unmanned aerial vehicles (UAVs) globally, many tasks are currently performed in the
sky, such as UAV-based goods delivery, urban traffic/security patrol, industrial inspection, disaster rescue in bad
weather, and scenery tour. Since SAVG can naturally combine UAVs’ visual and text signals to complete object
localization and tracking more effectively, achieving this grounding ability is crucial for advancing towards
low-altitude intelligence. We believe this work will open up avenues for this new kind of SAVG.

However, this also raises concerns about how the SAVG model with strong tracking capabilities could be
inappropriately used in the community, such as for illegal UAV surveillance and tracking.
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Expression 12：On the fourth lane counting from left to right on the left side of the bridge, the yellow-blue single-decker bus is going to the bottom.

Expression 11：The man who is skiing on the snow on the right.

Expression 10：The yellow sports car that is driving on the winding mountain road.

Expression 14：On the sea, the white water scooter on the left is sailing towards the top.

Expression 17：On the right side of the viaduct at the highest level, the white street sweeper truck is driving towards the top.

Expression 13：The white water scooter on the sea is sailing towards the lower right corner.

Expression 16：The girl in white with long hair in the middle of the bridge is walking to the left.

Expression 15：The man in the lower right corner wearing a white hat and black clothes is walking to the left.

Expression 9：At the exit of the ring road in the upper right corner, the first red stake truck from the right is going left.

Expression 8：The man in the grey suit standing in the upper right corner.

Expression 7：On the road in the lower right corner, the white sedan is driving to the left.

Expression 6：On the river in the lower right corner, the white sightseeing cruise ship sailing to the left.

Figure 18: More qualitative results. Continuation of Figure 16.
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Expression 24：The dark green office building on the river bank at the right side of the bridge.

Expression 23：The second actor counting from left to right in the lower-left corner of the square, is performing as a soldier.

Expression 22：The little boy in a white top and black pants is playing on the highest steps.

Expression 21：The woman riding a red electric bicycle on the bridge across the river in the upper left corner.

Expression 20：The little boy in green clothes running in the upper left corner.

Expression 19：The man in the red dress is running in the upper right corner.

Expression 18：On the road in the lower right corner, the white sedan is driving to the left.

Figure 19: More qualitative results. Continuation of Figure 18.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]

Justification: The content in the abstract and introduction accurately reflects the contribution and
the scope of the paper, and the main contributions are summarized in the concluding section of the
introduction.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims made in the
paper.

• The abstract and/or introduction should clearly state the claims made, including the contributions
made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We describe the limitations of our approach in Section F.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that the paper
has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to violations of

these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to provide
closed captions for online lectures because it fails to handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to address problems
of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and a complete
(and correct) proof?

Answer: [NA]

Justification: The paper does not include theoretical results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
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• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if they appear in

the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We fully describe the proposed model and implementation details in Section D.1, and we
submit our main code in the form of a zipped file in additional supplementary materials. To further
ensure reproducibility, we will soon open source the complete code of our method.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived well by the

reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe the

architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should either be

a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]

Justification: Once the paper is accepted, we will open source our complete code and dataset. The
code and dataset have been submitted as supplementary material in ZIP format.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).
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• The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

• Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]

Justification: We have specified all the training and test details in Section D.1 of the supplemental
material.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail that is

necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer: [No]

Justification: Error bars are not reported because it would be too computationally expensive.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

• The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error of the

mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should preferably report

a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]

Justification: The sufficient experimental implementation details are presented in Section D.1 of the
supplemental material.

Guidelines:
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• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud

provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual experimental

runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute than the

experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have carefully reviewed the NeurIPS Code of Ethics. Our work conforms to the
NeurIPS Code of Ethics in all aspects.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a deviation

from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consideration due

to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]

Justification: The potential impacts are discussed in Section G of the supplementary material.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal impact or

why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses (e.g.,

disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [Yes]

Justification: We will require users to adhere to specific usage guidelines to access the model and
datasets, ensuring that they are used responsibly and to mitigate the risk of misuse.

Guidelines:

• The answer NA means that the paper poses no such risks.
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• Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]

Justification: We have properly credited the creators or original owners of assets used in the paper, and
we use the license CC-BY 4.0.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of service of

that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package should

be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [Yes]

Justification: All new assets introduced in this paper will be well documented upon their release.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their sub-

missions via structured templates. This includes details about training, license, limitations,
etc.

• The paper should discuss whether and how consent was obtained from people whose asset is
used.

• At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA]

Justification: Our paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

• Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.
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15. Institutional review board (IRB) approvals or equivalent for research with human subjects
Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]

Justification: Our paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

• We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

• For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer: [Yes]

Justification: In our paper, the LLM is used only for editing (e.g., grammar, spelling, word choice).

Guidelines:

• The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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