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Cross-Platform Video Person RelD: A New
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Abstract. In this paper, we construct a large-scale benchmark dataset
for Ground-to-Aerial Video-based person Re-Identification, named G2A-
VRelD, which comprises 185,907 images and 5,576 tracklets, featuring
2,788 distinct identities. To our knowledge, this is the first dataset for
video ReID under Ground-to-Aerial scenarios. G2A-VRelD dataset has
the following characteristics: 1) Drastic view changes; 2) Large number
of annotated identities; 3) Rich outdoor scenarios; 4) Huge difference
in resolution. Additionally, we propose a new benchmark approach for
cross-platform RelD by transforming the cross-platform visual alignment
problem into visual-semantic alignment through vision-language model
(i.e., CLIP) and applying a parameter-efficient Video Set-Level-Adapter
module to adapt image-based foundation model to video RelD tasks,
termed VSLA-CLIP. Besides, to further reduce the great discrepancy
across the platforms, we also devise the platform-bridge prompts for
efficient visual feature alignment. Extensive experiments demonstrate the
superiority of the proposed method on all existing video RelD datasets
and our proposed G2A-VRelD dataset.

Keywords: Dataset - Ground-to-Aerial - Person Re-Identification

1 Introduction

Video-based person Re-Identification (VReID) [2,12,23,24], has been attracting
much attention in recent years, as video can provide richer information than
single image. Existing research efforts on video-based RelD are mostly based on
the data captured from the same platforms, such as ground surveillance cameras.
Suppose in this scenario that a suspect has committed a crime in the city where
abundant surveillance cameras have been deployed and escaped into the rural
areas where there are no deployed ground surveillance cameras in advance. One
feasible solution is sending a moving camera with the help of an airbone UAV
platform. Thus, the technical crux has been turned into cross-platform video-
based person RelD in aerial captured videos, with a given query video tracklet
captured by ground cameras.

In this paper, to meet the research need of cross-platform video person RelD,
we construct a large-scale benchmark dataset named Ground-to-Aerial Video
ReID (G2A-VReID). The G2A-VReID dataset consists of 185,907 images in to-
tal, with 5,576 tracklets belonging to 2,788 different person IDs. Each person
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ID includes two tracklets captured by the UAV and ground surveillance plat-
forms, respectively. There is an average of 33.3 images for each tracklet. The
scale of G2A-VRelID dataset is larger than most existing video-based person
ReID datasets such as MARS [44], iLIDS [36], PRID-2011 [15], etc.

To capture the videos of the same person by both the ground surveillance
camera and the UAV-mounted camera, we simulate the ground-to-aerial platform
RelD by fixating a ground surveillance camera at a specific location, while flying
a DJI consumer UAV nearby to ensure many people can be captured by both
cameras. The ground camera is set at about 2.0 meters above the ground, and
the flight altitudes of UAV varies from 20 meters to 60 meters. Additionally, to
be more realistic, the flight mode is adjusted randomly among hovering, cruising,
and rotating with diverse view angles which greatly enriches the perspectives of
the dataset.

Furthermore, the dataset is collected at nine different scenarios, including
school campuses, subway station entrances, tourist sites, crossroads, etc. As
shown in Fig. 1, the cross-platform video person RelD task is much more chal-
lenging than the counterpart in single ground platform, as the tracklets captured
in the ground to aerial cross-platform scenarios are featured in drastic variations
of view-points, poses, and resolutions. We have evaluated nine existing video-
based person RelD algorithms on our newly collected cross-platform dataset. The
experimental results showed inferior performances compared with those conven-
tional single-platform datasets. Due to the great challenges of drastic view, pose,
and resolution changes, it is not easy to align the visual part features between
the cross-platform devices, which is essential in RelD task.

Recently, with the emergence of large-scale pre-trained vision-language mod-
els, e.g., CLIP [29], a well-aligned visual-semantic space can be obtained through
cross-modality contrastive learning of large web visual data along with high-
level language descriptions. Although for the RelD task, there is no language
descriptions for each person whose identity is just denoted as an index number,
a set of learnable description tokens can also be introduced to roughly describe
each ID [25]. In this paper, we propose to transform the cross-platform visual
alignment problem into visual-semantic alignment with the help of the founda-
tion model CLIP. To be concrete, a two-stage optimization strategy is utilized,
which aims to learn description tokens for each ID in the first stage, and fine-
tunes the Image Encoder with aligning visual embeddings to semantic features
obtained through the learned description token in the second stage. Our exper-
iments demonstrate that fine-tuning the Image Encoder with the constraint of
visual-semantic alignment achieves competitive performance.

However, there are two obvious drawbacks in adapting image-based pre-
trained foundation models to video RelD tasks by simply fine-tuning. One is the
huge training cost with large-scale trainable parameters, and another is that the
image encoder lacks the capability of modeling inter-frame information. Many
previous works [1,3,18] deem video as a stack of frames with temporal structure,
and are devoted to modeling temporal features with well-designed modules. But
these works ignore the complementarity of frames in a video, which proved to be
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more effective in RelID task [2]. Moreover, from the aerial perspective, temporal
information is limited due to severe self-obstruction. As shown in Tab. 2, tempo-
ral models [10, 13, 18] show inferior performance on G2A-VRelD. In this paper,
we present a new perspective that regards a video clip as a disordered set and
propose a parameter-efficient Video Set-Level-Adapter (VSLA) module for foun-
dation modal adaptation. Concretely, VSLA consists of a Cross-Frame Attention
Adapter (CFAA) and an Intra-Frame Adapter (IFA). CFAA uses cross-frame at-
tention to allow information exchange between frames, enabling our model to
collect complementary features in each video set for powerful video-level repre-
sentations. IFA transfers the visual ability of image-based foundation model to
downstream tasks, providing strong intra-frame appearance representation.

Furthermore, we also propose the Platform Bridging Prompt (PBP) module
to solve the visual misalignment problem in cross-platform tasks, where the
prompts are adopted to provide explicit instruction to the pre-trained models
for generating task-specific results. Specifically, the designed PBP is two sets
of platform-specific prompts brought in Image Encoder, which aims to guide
the model to focus on learning platform-invariant features, thus bridging the
semantic gap of visual features between the ground and aerial platforms.

In summary, the main contributions are as follows:

— We are the first to collect a large-scale Ground-to-Aerial Video person RelD
benchmark dataset for the task of cross-platform video-based person RelD
and conducted extensive baseline methods on our dataset.

— We propose to transform the essential cross-platform visual part alignment
problem into visual-semantic alignment with the help of CLIP, and propose
PBP to further bridge the semantic gap of visual features between the ground
and aerial platforms.

— We propose the Video Set-Level-Adapter to efficiently adapt pre-trained
image-based visual foundation model to the video RelD tasks. Our meth-
ods achieves state-of-the-art performances on three widely used video RelD
datasets and our cross-platform benchmark dataset.

2 Related Works

In this section, we provide a concise review of two sets of works closely related
to our research.

Video RelD Datasets. Existing works on person RelD can be categorized
into image-based RelD and video-based RelD. For video-based RelD, the pop-
ular datasets include PRID-2011 [15], iLIDS [36], MARS [44] and LS-VID [22],
etc. PRID-2011 comprises multiple person trajectories captured by two static
surveillance cameras, encompassing only 400 sequences involving 200 individu-
als. In contrast, LS-VID is a large-scale benchmark featuring 14,943 sequences
of 3,772 persons, with videos captured at various times throughout the day.
Many works have achieved superior performances on these datasets. Specifically,
FGReID [40] achieved Rank-1 at 96.1% on PRID-2011, SINet [2] got 92.5% of
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Rank-1 on iLIDS and DenselL [14] achieved an mAP of 87.0% on MARS, indicat-
ing a saturation trend on these datasets. The existing datasets are all captured
with a single platform, i.e. ground surveillance cameras, while we aim to collect a
Ground-to-Aerial cross-platform video RelD dataset to support the development
of this field.

Video RelID Methods. The object processed in video-based person RelD is
a video composed of a sequence of person images. Videos contain richer temporal
and spatial information than images. Previous works used 3D CNNs [1, 13, 23],
temporal weighting [6,12,13,44,46], optical flow [8,11,26] and many other meth-
ods [7,10,17,18] to model the spatiotemporal information of video sequences
to alleviate the negative effects of appearance change, occlusion, pose varia-
tion, etc. For 3D CNNs, STRF [1] proposed a trainable unit with negligible
computational overhead, which is used in conjunction with 3D-CNN to learn
discriminate 3D features. For temporal weighting, AP3D [13] assigns attention
scores for each spatial region to achieve discriminative parts mining and frame
selection. Optical flow refers to the movement of target pixels in an image due
to the movement of objects in the image or the movement of the camera in two
consecutive frames. STA [12] makes use of color and optical flow information in
order to capture appearance and motion information. An essential topic to im-
prove the performance of video-based RelD is the visual part alignment between
query and gallery videos. SRL [4] learns the structural relationship between lo-
cal regions in an image and achieves the alignment of videos. RQEN [32] solves
the problem of misalignment caused by the difference in image quality between
different regions by compensating between local regions. PiT [42] divides each
frame into small patches of different granularity in different directions, allowing
the model to align two videos with multi-scale local information. It is relatively
easy to align the visual part features between the query and gallery videos for
these methods by utilizing a simple stripe partition, as the variations of view,
pose, and resolution are limited among the single ground cameras.

To solve the severe misalignment of visual features in cross-platform tasks,
we resort to visual-semantic alignment of the CLIP model to align the cross-
platform person features.

3 Dataset

In this section, we first introduce how we collect and annotate our G2A-VRelD
dataset in Sec. 3.1 and Sec. 3.2. Then, we make comparisons with other datasets
and highlight the key characteristics of G2A-VRelD in Sec. 3.3.

3.1 Dataset Collection

To increase the richness of data and make it closer to the real environment. The
videos are captured from 9 different scenarios, including library, crossroads, bus
stop, tourist sites, etc. Following the principle of protecting public privacy, we
post notes to inform pedestrians of the video capture area in the shooting stage,
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Fig.1: Visualization of proposed Fig.2: The distributions of sequence length.

G2A-VRelD at different heights.

and the dataset will be licensed for non-profit academic research only. Ground
surveillance cameras are used to shoot videos from the ground perspective, and a
DJI Mavic UAV is adopted to gather videos from the sky perspective. In detail,
the surveillance camera is fixed at a height of about two meters above the ground,
and the UAV flies at different heights from 20 to 60 meters. The UAV flies in a
mode of hovering, cruising, and rotating, making the captured persons contain
richer perspectives.

We cropped the captured video at intervals of 0.5 seconds to generate 31,770
frames of scene images. Some of them are shown in Fig. 1. We can see that there
are great differences in the viewing perspective and resolution of images taken
on different platforms, making it more challenging than existing datasets.

3.2 Annotation

To the best of our knowledge, there is not exist ground-to-aerial cross-platform
video-based person Re-ID dataset. One reason is that it takes a lot of effort to
annotate a large-scale dataset. We invited 40 experienced annotators and took
two weeks to complete the annotation process. During annotation, all persons
appeared in the videos are marked with boundary boxes, and each person is
cropped from the scene image according to the box. At the same time, we use
mosaic to mask the clear face information for privacy protection. Then, the
same people in the UAV and surveillance videos are associated and assigned
unique IDs. Next, we combine all the images of a person in one camera into
one trajectory. Thus, each person has at least two trajectories, one from the
surveillance camera and the other from the UAV. Finally, we annotated 185,907
images of 2,788 identities, corresponding to 5,576 tracklets. Fig. 2 shows the
distributions of sequence length.

3.3 Characteristics of Our G2A-VRelID

Compared with existing VReID datasets [22,36,44] , the characteristics of G2A-
VRelD are as follows:

Drastic view changes. The tracklets in the query and gallery sets are
captured from different types of cameras, specifically ground and aerial views.
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Table 1: Comparison of G2A-VRelD with other Video-RelD datasets. CWM denotes
the camera working mode. AD is the average duration of each video sequence.

Datasets | G2A-VReID LS-VID [22] Mars [44] iLIDS [36] PRID-2011 [15] 3DPeS [3]
identities 2,788 3,772 1,261 300 200 200
tracklets 5,576 14,943 20,715 600 400 1,000
images 185,907 2,982,685 1,067,516 42,460 40,033 200,000
AD (s) 16.7 6.7 5.6 2.4 3.3 6.7
camera 2 15 6 2 2 8
view ground & sky ground ground ground ground ground
CWM moving fixed fixed fixed fixed fixed

Consequently, the transitions between the views in the query and gallery track-
lets are significantly different, compared to the current video-based person RelD
datasets.

Large number of annotated identities. Our G2A-VRelD consists of
2,788 person IDs and 185,907 images, corresponding to 5,576 tracklets. The
number of identities is significantly higher than all existing datasets except LS-
VID [22], as shown in Tab. 1.

Rich outdoor scenarios with large view changes. The G2A-VRelD
consists of footage from nine diverse scenarios, including libraries, bus stops,
subway station entrances, tourist sites, crossroads, and more. This diversity
enables G2A-VRelD to accurately represent realistic environments for person
RelD. In contrast, the videos from Mars [44] are captured in a university cam-
pus, while iLIDS [36] only contains videos collected from an airport arrival hall.
These datasets exhibit comparatively limited scenarios in terms of environmental
diversity.

Huge difference in resolution. As depicted in Fig. 1, the height of the
UAV-mounted camera varies significantly, spanning from 20 to 60 meters, leading
to varying resolutions of individuals captured in each scene. The width distri-
bution of individuals in images captured by ground cameras primarily ranges
from 10 to 70 pixels. Whereas, in UAV-captured images, this range is narrower
from 5 to 35 pixels. This discrepancy in resolution distribution between query
and gallery images introduce much complexity to the task of ground-to-aerial
video-based person RelD.

4 Approach

Fig. 3 illustrates the overall architecture of our proposed method. Our approach
focuses on cross-platform video person RelD and aims to parameter-efficiently
adapt pre-trained image-based visual foundation models to video person RelD
tasks. To bridge visual misalignment in cross-platform tasks, we propose to trans-
form the fundamental visual alignment problem into visual-semantic alignment
based on CLIP. Specifically, we design a simple baseline method, named FT-
CLIP, through fine-tuning the Image Encoder of CLIP. A two-stage training
strategy is employed to optimize our approach. ID-specific description tokens
are learned from samples originating from various platforms in the first train-
ing stage. Then in the second stage, visual features extracted from different
platforms are aligned with the semantic features obtained through the learned
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Fig. 3: Overview of our proposed framework. A two-stage training strategy is employed
to optimize our approach: ID-specific description and shared text prompt are learned
in stage one (left) while freezing Image Encoder and Text Encoder; Video Set-Level-
Adapter and PBP are introduced and trained in the second stage (right) while freezing
other parameters.

description tokens. Our work shows that FT-CLIP with the constraint of visual-
semantic alignment yields competitive performance, but it is not parameter ef-
ficient and ignores inter-frame information. Therefore, we propose the Video
Set-Level-Adapter for efficient model tuning, termed as VSLA-CLIP, which out-
performs FT-CLIP while utilizing fewer parameters. To further bridge the se-
mantic gap in cross-platform tasks, we propose a prompt-based approach called
Platform-Bridge Prompt (PBP).

4.1 Revisiting CLIP-RelID

CLIP-RelID [25] is the pioneering approach that employs pre-trained vision-
language models for image-based ReID. CLIP [29] relies on text labels to gen-
erate text descriptions. However, the labels in RelD tasks are indexes rather
than specific text, which lacks the ability to depict detailed information about
the corresponding persons. To solve this problem, CLIP-RelID uses a series of
ID-specific learnable tokens to learn text descriptions and adapts a two-stage
optimization strategy.

In the first training stage, only ID-specific tokens are optimized to learn text
descriptions for each ID. Text 7D that feeds into Text-Encoder E;(+) is “a photo
of [X];...[X]m person", where [X]; is the learnable tokens. Text embedding T
and image embedding I are obtained by:

T =E(TD), I=Ei(I), (1)

where E;(-) is the Image Encoder. The image-to-text contrastive loss L;2; and
text-to-image contrastive loss L9; are used to optimize [X];...[X]m. Since there
are samples with the same ID in a batch, L£o; in CLIP-RelD is defined as:

o 1 exp(s(I,, Ty,))
Li2i(yi) P pg(:yi) log S8 exp(s(a, Ty,)) (2)

244

255
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where T, represents the text embedding of ID-y;, P(y;) = {p € {1...B},yp, = ¥;}
is the set of positive samples for T, and B represents the batch size. L;o; is
similar to L2;. The overall loss function of stage one Lgiqge1 is as follows:

Lstager = Lior + L. (3)

In the second stage, the ID-specific tokens and Text-Encoder are frozen.
Triplet loss Ly,; [31], identity loss £;4, and image-to-text cross-entropy loss L;ozce
are used to optimize CLIP Image Encoder. The Lo is defined as follows:

exp(s(Iy, Ty,))
S exp(s(I,, Ty,))

where g; denotes smooth label [33] in the target distribution of the ky, ID, s
represents cosine similarity, and N is the number of identities.

N
£i2tce (y) = Z —dqk log (4)
k=1

4.2 Visual-Semantic Alignment

We propose to transform the fundamental challenge of cross-platform visual
alignment into visual-semantic alignment, and explore the efficacy of fine-tuning
to adapt CLIP to video-based RelD tasks with visual-semantic alignment, named
the model FT-CLIP. As shown in Fig. 3 (left), learnable ID-specific description
tokens [S]; and shared text prompts [P]; are inserted into the Text-Encoder. All
the tokens that feed into the Text-Encoder are concatenated as “[[P];...[P]y /2 :
[S]1...[S]m @ [Pluj241--[P]n]". Semantic features T can be obtained by:

T = E¢([[P]1...[P]ny2 : [S]1---[S]m : [Plaj2+41--[Pn]), (5)

where [- : -] represents the concatenating operation, the dimensions of [P]; and
[S]; are the same as that of the word embedding.

Inspired by CLIP-ReID [25], we adopt a two-stage optimization strategy. In
the first optimization stage, we freeze both the Image Encoder and Text Encoder,
using loss function Lgege1 in Eq. (3) to optimize ID-specific description tokens
and the shared text prompts. In the second optimization stage, Image Encoder
is trained to align the video embeddings to semantic features. Given a video
sample V; € RT*HXWX3 with T frames, the CLIP image encoder encodes the T’
frames independently and mean-pooling is used to fuse the frame embeddings.
Visual embeddings V; can be obtained by:

1 T
Vi=75 Z E;(Vij), (6)

where V;; represents the jy;, frame of V;. The visual to semantic cross-entropy
loss Lyosce, Liot and Lyo; are adopted to align visual embeddings to semantic
features. Ly9sce is similar to Liosce, defined as:

N
. exp(s(V;, T
Lonseeli) = 3 —alog — p(s( ykr)r) 7

k=1 Zyjzl eXp(S(Vi; yJ)>

(7)

256
257

259

260
261
262

263

286
287
288

289



300

301

302
303
304
305
306
307
308
309
310
311
312
313
314
315
316

317

318

319
320
321
322
323
324

325
326

ECCV 2024 Submission #3918 9

where gj, represents the soft label in the target distribution, and NV is the number
of identities. Meanwhile, triplet loss L,; with soft-margin and ID loss £;; are
also used:

Lyr; = max(d, — d,, +6,0), (8)
N

Liq = Z —qr log(px), 9)
k=1

where 0 is the soft-margin of L;,;, px represents ID prediction logits of class k,
dp and d,, are feature distances of positive pair and negative pair. The overall
loss Lsiage2 is defined as follows:

£sta962 = AC'uQsce + Bﬁt’r‘i + 'Y»Cid + 5£i2t + 6[:,521‘, (10)

where 3, v, § and e balance the importance of the relative losses.

4.3 Video Set-Level-Adapter for Efficient Model Tuning

Video RelD requires the model to learn appearance representation in both intra-
frame and inter-frames. We present a novel perspective, where a video sample
is regarded as a frame set S; = {V;;|j = 1,2,...,n} consisting of independent
frames, and propose an efficient Video Set-Level-Adapter (VSLA) module. The
VSLA consists of two components: an Intra-Frame Adapter (IFA, Fig. 3 (a))
and a Cross-Frame Attention Adapter (CFAA, Fig. 3 (b)). IFA is designed to
parameter-efficiently adapt the pre-trained visual foundation model to down-
stream tasks, it takes raw frames as input and provides image-level appearance
representation. CFAA takes a set of frames as input, aggregating the inter-frame
complementary information for more powerful video-level representations.

IFA consists of two mapping matrices in a bottleneck structure. It runs in
parallel with MLP blocks within each layer of the Image Encoder. As shown in
Fig. 3, the Image Encoder in CLIP (ViT-Base-16) consists of alternating layers
of Multi-Head Self-Attention (MSA) [34], Multi-Layer Perceptron (MLP) and
LayerNorm (LN), which can be formulated as:

’

X, = MSA(LN(Xi_l)) + Xi—1, (11)
x; = MLP(LN(x,)) + x,. (12)

We denote the input of IFA as x|, € RT*(N+DxD where N = HW/P?, D
represents the dimension and 7' is the number of frames. The down-projection
layer W g0, projects x; to x/ € RT*(N+Uxe where « is a hyper-parameter.
Then x/ goes through a GELU o and up-projection layer W,,;,,. The process can
be formulated as:

IFA(X;) = U(X;Wdown)wupa (13)

x; = MLP(LN(x,)) + x; + IFA(x,). (14)
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Unlike LoRA [19], which adds trainable pairs of rank decomposition matrices
in parallel to every pre-existing weight matrix, IFA is solely in parallel with
MLP. Therefore, adopting IFA results in far fewer parameters, accounting for
only 5.5% (a = 256) of the whole Image Encoder (ViT-Base-16).

CFAA is also a bottleneck architecture with a cross-frame attention layer in
the middle. Our model M(+) with CFAA is immune to frame ordering [5], which
can be formulated as:

M({Vijli = 1,2,..,n}) = M({Vir(jlj = 1,2, ..., n}), (15)

where 7 is any permutation [41]. We denote the input of CFAA as x;_1 €
RTX(N+DxD " the down-projection layer projects x;_; to x;_, € RT*(N+1xe,
The cross-frame attention layer has the same structure as Multi-Head Self-
Attention (MSA) [34]. To aggregate the complementary information among T
frames, we reshape the input of cross-frame attention layer x,_; to x/T, €
RNHFDXTxe “and the attention is done in the second dimension of x/T |, thus en-
abling visual information to exchange across frames. Then, we restore the output
of cross-frame attention layer from x/T, € RIWHDXTxa o 57 | e RTX(N+1)xa
with x| passing through up-projection layer. For CFAA, x; in Eq.(11) can be
obtained by:

x; = MSA(LN(x;_1)) + xi_1 + CFAA(x;_1). (16)

4.4 Platform-Bridge Prompt

Making visual embeddings align with semantic features could effectively alleviate
the feature misalignment in cross-platform RelD tasks, but yet to be improved.
We additionally introduce Platform-Bridge Prompt (PBP) to bridge platform
differences further. PBP is designed to guide model focusing on platform dif-
ferences. As illustrated in Fig. 3, we add a series of platform-specific learnable
prompts in the Image Encoder. Specifically, there are only two sets of prompts,
one corresponding to the ground platform and the other to the UAV platform.
Applying PBP can be viewed as changing the inputs of each MSA layer in Vision
Transformer (ViT [9]). We denote the inputs of the MSA layer as h € R(IN+)xD,
where N = HW/P? and D represents the dimension. The MSA layer with PBP
can be formulated as follows,

MSAg([h: pf™™]) if k < d and h € Setgrovnd
fe(h,pr) = § MSA([h : ppe]) if k < dand h € Set“e? (17)
MSAy(h) if k> d,

where pzmund € RIXP puav ¢ RIXP g and [ are the depth and length of PBP,
[:] denotes the concatenation operation, M S Ay, represents the ky;, MSA layer in
Image Encoder, Set“* and Set9°%“"¢ are two sets containing the samples from
the UAV and the samples from the ground platform respectively.
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Table 2: Comparison with state-of-the-art methods. ¥ represents the model initialized
by the weight of CLIP [29] released by OpenAl, and { represents the model initialized
by weight of ViFi-CLIP [30]. We use bold to indicate the best results of our methods,
and underlines to highlight the best results of other methods. On all datasets, our
method outperforms the comparisons significantly.

Method l MARS LS-VID iLIDS G2A-VRelID
[ mAP rank-I | mAP rank-1 | rank-I | mAP rank-1
STA [12] 80.8 86.3 - - - -
M3D [23] 74.1 84.4 40.1 57.7 74 - -
GLTR [24] 78.5 87.0 44.3 63.1 86 - -
VRSTC [16] 82.3 88.5 - - 83.4 . .
AP3D [13] 85.1 90.1 73.2 84.5 88.7 67.7 57.5
STGCN [39] 83.7 90.0 R - - - -
MGH [38] 85.8 90.0 - - 85.6 76.7 69.9
MG-RAFA [43] 85.9 88.8 - - 88.6 - -
AFA [7] 82.9 90.2 - - 88.5 - -
TCLNet [17] 85.1 89.8 70.3 81.5 86.6 65.4 54.7
STREF [1] 86.1 90.3 - - 89.3 - -
GRL [28] 84.8 91.0 . . 90.4 52.8 41.4
DenselL [14] 87.0 90.8 - - 92 - -
BiCnet-TKS [18] 86.0 90.2 75.1 84.6 - 63.4 51.7
PSTA [37] 85.8 91.5 - - - 64.6 54.5
STMN [10] 84.5 90.5 69.2 82.1 91.5 66.7 56.1
PiT [42] : 90.2 : - 92.1 76.3 67.7
SINet [2] 86.2 91.0 79.6 87.4 92.5 74.5 65.6
LSTRL [27] 86.8 91.6 82.4 89.8 92.2 - -
FT-CLIP} ‘ 88.00 91.62 ‘ 84.07 90.77 ‘ 94.00 ‘ 78.11 69.32
VSLA-CLIPY} 88.22 90.91 84.05 90.54 95.33 79.14 71.64
VSLA-CLIP} 88.60 91.82 85.20 91.66 95.33 79.70 72.55

5 Experiments

In this section, we first introduce the evaluation protocols and implementation
details. Subsequently, we compare our proposed methods with state-of-the-art
algorithms. Finally, ablation studies are conducted to investigate the contribu-
tion of each component.

5.1 Datasets and Evaluation Metrics

We conduct experiments on our G2A-VReID and three widely used video person
RelD datasets, i.e., iLIDS [36], Mars [44], and LS-VID [22]. For G2A-VRelD,
we roughly divide 2788 identities into training and test sets at a ratio of 1 : 2,
similar to that in LS-VID [22]. Therefore, there are 930 identities with 1860
tracklets in training set and 1858 identities with 3716 tracklets in the testing
set. During the evaluation, we keep the cross-camera search paradigm in RelD
task [15,22,36,44]. Query and gallery are composed of video sequences from the
ground and UAV cameras respectively, making G2A-VRelID more challenging
than other datasets.

We employ two standard metrics to evaluate the performance of our model,
i.e., Cumulative Matching Characteristic(CMC) at Rank-1 and mean average
precision (mAP).
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5.2 Implementation Details

ViT-Base-16 [29] is selected as the Image Encoder. The initial weights are chosen
as that of ViFi-CLIP [30], whose Image Encoder and Text Encoder have been
fine-tuned on the extensive action recognition dataset Kinetics-400 [20]. Sparse
temporal sampling strategy [35] is used to generate a clip containing 8 frames,
with each frame resized to 256 x 128. We randomly disrupt the order of the frames
in each clip. Each batch has 32 clips corresponding to 8 identities. Adam [21]
optimizer is used in both stages. In the first training stage, we optimize the
ID-specific description tokens and shared text prompts with a learning rate of
3.5 x 1074, while freezing other parameters. In the second training stage, we
adopt the initial learning rate 5 x 10~% with decaying by 0.1 and 0.01 at the 60y,
and 90,4, epoch for FT-CLIP, and the initial learning rate 1 x 10~* with decaying
by 0.1 and 0.01 at the 60;, and 90, epoch for VSLA-CLIP. The margin 6 of
triplet loss in Eq. (8) is set as 0.3, the 8, 7, § and € in Eq. (10) are 1.0, 0.25, 1.0
and 1.0, respectively. Each image is padded with 10 pixels and augmented with
random cropping, horizontal flipping, and erasing [45].

5.3 Comparison with State-of-the-Art Methods

On G2A-VRelID Dataset. We comprehensively evaluate nine state-of-the-art
methods [2,10, 13,17, 18,28, 37,38,42] on G2A-VRelD, and report the results
in Tab. 2. As can be seen that, MGH [38] and PiT [42] showed superior per-
formances on our G2A-VRelD dataset, i.e. MGH achieves 76.7% on mAP and
69.9% on Rank-1, surpassing other models with a large margin. We attribute
this to the careful visual alignment strategy adopted by MGH and PiT, which
involves splitting the full image into vertical or horizontal stripes and aiming to
align the stripes. This strategy mitigates the challenges of self-occlusion inherent
in the UAV perspective. Our method, extracting description tokens for each per-
son and aligning visual embeddings with semantic features, effectively solves the
cross-platform visual misalignment problem. Our VSLA-CLIP achieves 79.70%
mAP and 72.55% Rank-1 on G2A-VRelD, surpassing MGH by 3.0% at mAP
and 2.65% at Rank-1.

On All Video ReID Dataset. As shown in Tab. 2, all the variants of
our methods with aligning visual embeddings to semantic features, show consis-
tent improvement on all datasets. Especially, our method achieves 85.20% mAP
and 91.66% Rank-1 on the challenging LS-VID dataset, which greatly improves
the mAP by 2.80% and the Rank-1 by 1.86% compared with the state-of-the-
art LSTRL [27]. 2) Models initialized by weights of ViFi-CLIP (ViFi-weight) are
marked as i, and it is effective compared with the original model weights released
by Open AI (marked as 1). VSLA-CLIP initialized with ViFi-Weight improves
the performance significantly by 1.15% mAP on LS-VID. 3) It is worth not-
ing that VSLA-CLIP shows better performance than fine-tuning the whole Im-
age Encoder (FT-CLIP), with far fewer tunable parameters. Specifically, VSLA-
CLIP? outperforms the FT-CLIPt by 1.59% mAP on G2A-VRelID with tuning
parameters (14.5M vs 88.0M).
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Table 3: Effectiveness of proposed components and comparison of the number of
tunable parameters. baseline represents training FT-CLIP{ without Lv2sce in Eq.(7),
VSA is Visual-Semantic Alignment, IFA represents Intra-Frame Adapter, CFAA is
Cross-Frame Attention Adapter and PBP is Platform Bridge Prompt.

Overall Tunable | LS-VID | G2A-VReID

Methods

Param(M) Param (M) [ mAP rank-I [ mAP rank-1
AP3D [13] 34.0 24.9 73.2 84.5 67.7 57.5
BiCnet-TKS [18] 33.7 29.3 75.1 84.6 63.4 51.7
STMN [10] 90.9 87.0 69.2 82.1 66.7 56.1
SINet [2] 33.7 27.3 79.6 87.1 74.5 65.6
baseline 86.1 86.1 76.10 84.26 72.80 63.62
baseline+VSA (FT-CLIP}) 127.4 88.0 84.07 90.77 78.11 69.32
IFA 90.8 4.7 77.31 84.86 73.82  65.12
IFA+VSA 132.1 6.6 84.16 90.94 79.01 71.67
IFA+VSA+4+CFAA (VSLA-CLIPY) 140.0 14.5 85.20 91.66 | 79.70 72.55
IFA+VSA+CFAA+PBP 140.0 14.5 - - 81.29 74.27

Our experiments show that adapting pre-trained image-based models to video
RelD tasks with the Video Set-Level-Adapter is both effective and efficient,
setting a new baseline method for research endeavors in this field.

5.4 Ablation Study

To demonstrate the effectiveness of our proposed components in Sec.4, we con-
duct ablation studies and compare our method with four other methods.

Effectiveness of Visual-Semantic Alignment. To verify the effectiveness
of Visual-Semantic Alignment, we first fine-tune the Image Encoder by directly
using two common losses (L4 and L;4 in Eq.(10)) in RelD task, and set this
model as our baseline. As shown in Tab. 3, Visual-Semantic Alignment is effective
for both finetuning-based methods (FT-CLIP} vs. baseline) and adapter-based
methods (IFA+VSA vs. IFA). In addition, we conduct ablation experiments to
analyze three loss functions for visual-semantic alignment. As shown in Tab. 5,
when L;o:, L9, and Lyoscc are used jointly, our model achieves the best results
on LS-VID.

Effectiveness of Video Set-Level-Adapter. Our goal for proposing the
Video Set-Level-Adapter is to efficiently adapt pre-trained image-based visual
foundation mode to video-based RelD tasks. Considering that the Video Set-
Level-Adapter (VSLA) contains two modules, i.e., an Intra-Frame Adapter (IFA)
and a Cross-Frame Attention Adapter (CFAA), we perform ablation experiments
separately to verify the effectiveness of each module. As shown in Tab. 3, TFA
surpasses the full fine-tuned baseline method (77.31% vs. 76.10% mAP on LS-
VID) with significantly less number of tunable parameters (4.7M vs. 86.1M).
In addition, CFAA further improves model performance (85.20% vs. 84.16%
mAP on LS-VID) while also using a small number of tunable parameters, which
indicates that regarding video sequences as a set is effective in Video-based ReID
tasks, providing a new solution for adapting Image-based foundation models to
video-based tasks.

We also analyze the hyper-parameter « introduced in Sec. 4.3, which deter-
mines model’s complexity and the number of training parameters. We set a to be
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Table 4: Effect of o of Intra-Frame Adapter and Table 5: Ablation experiments for
Cross-Frame Attention Adapter on LS-VID. TP  the losses used for Visual-Semantic

represents the tunable parameter. Alignment on LS-VID.
o TP (M) LS-VID Loyzsce | Liot | L12i | mAP
IFA [CFAA[ mAP rank-1 v 84.73
64 1.2 1.4 79.58 86.71 v 84.29
128 2.4 3.2 83.64 90.00 v 84.45
256 4.7 7.9 85.20 91.66 v v 84.71
384 7.1 14.2 | 85.09 91.49 v v v |85.20

64, 128, 256, and 384 respectively. As presented in Tab. 4, the performances tend

to improve with increasing «, and achieves the best mAP at o = 256. Therefore,

we fix a to be 256 for other datasets. At this setting, the VSLA module con-

tains only approximately 12.6 million parameters parameters, and VSLA-CLIP

achieves 85.20% mAP on LS-VID, surpassing FT-CLIP by 1.13%.
Effectiveness of PBP. The

Platform Bridge Prompt (PBP)

offers meticulous instructions to 812 82
enable models to discern differ-  sos{ 8074 815 1 iz
_ 81
ences across platforms. It adeptly o4 S
steers the model towards obtaining % , | g %0
. . . c ]
precise and targeted information, = _ E %
. . . N 79.5
thereby bridging the semantic gap
. . 79.2 79
in visual features. The depth d and 13 68 9 12 24 816 32
Depth of BPP (length=4) Length of BPP (depth=3)

length [ are two hyper-parameters
in PBP, which are introduced in Fig.4: Analysis on the depth and length of
Sec. 4.4. To analyze the impact of PBP on our G2A-VRelD.

these two parameters on the model, we use grid-search to explore the impact of
different value combinations on the model performance. The results for various
parameter combinations of the model are presented in Fig. 4, and the optimal
performance is achieved when d = 3 and [ = 16.

6 Conclusion

In this paper, we construct a large-scale benchmark dataset for cross-platform
video person RelD, which contains 5,576 tracklets of 2788 IDs and can serve
as a potential complement to current ground surveillance system. Besides, we
also propose a baseline method solving cross-platform visual misalignment prob-
lem by transforming the visual alignment problem into visual-semantic align-
ment through the vision-language model (i.e., CLIP) and using platform-specific
prompts. To efficiently and effectively adapt the pre-trained image-based visual
foundation model to Video RelD, We propose a Video Set-Level-Adapter module,
which aggregates the inter-frame complementary information for more powerful
video-level representations with only 12.6 million trainable parameters. Experi-
mental results demonstrate that our proposed methods achieve state-of-the-art
performance and will be a new trend for cross-platform video RelD tasks.
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