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Abstract— We present a new learning approach, Soft Condi-
tional Prompt Learning (SCP), which leverages the strengths
of prompt learning for aerial video action recognition. Our
approach is designed to predict the action of each agent by
helping the models focus on the descriptions or instructions
associated with actions in the input videos for aerial/robot
visual perception. Our formulation supports various prompts,
including learnable prompts, auxiliary visual information, and
large vision models to improve the recognition performance.
We present a soft conditional prompt method that learns
to dynamically generate prompts from a pool of prompt
experts under different video inputs. By sharing the same
objective with the task, our proposed SCP can optimize prompts
that guide the model’s predictions while explicitly learning
input-invariant (prompt experts pool) and input-specific (data-
dependent) prompt knowledge. In practice, we observe a
3.17—-10.2% accuracy improvement on the aerial video datasets
(Okutama [1], NECDrone [2]), which consist of scenes with
single-agent and multi-agent actions. We further evaluate our
approach on ground camera videos to verify the effectiveness
and generalization and achieve a 1.0 —3.6% improvement on
SSV2 [3]. We integrate our method into the ROS2 as well.

I. INTRODUCTION

In the realm of unmanned aerial vehicles (UAVs), the
ability to accurately recognize human actions from video
footage is paramount for safe and effective operation. This
entails extracting meaningful insights into the activities and
movements of people and objects within the environment,
leveraging video sequences captured by the onboard camera.
This capability serves as a cornerstone technology for UAV
applications, including human-UAV interaction, search and
rescue, and comprehensive aerial surveillance.

Similar to ground robots, recent advancements in deep
learning techniques have yielded significant strides in hu-
man action recognition for UAV videos. However, a crucial
challenge persists: the majority of existing approaches rely
heavily on extensive, meticulously labeled training datasets
and adhere to a purely supervised learning paradigm that
primarily focuses on optimizing the network architecture
design. When directly applied to aerial video datasets, these
methods often experience significant degradation in perfor-
mance due to inherent challenges unique to this domain
including small target sizes, disparate viewing angles, and
camera motion dynamics.

To address these limitations, our work explores the appli-
cation of prompt learning for UAV video action recognition.
Prompt-based learning techniques, recently demonstrating
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Fig. 1: Overall Architecture: Our action recognition method is
designed to run one edge devices (on mobile robots) and cloud
servers. This includes lightweight prompts (embedded), which can
be easily embedded in any action recognition model without much
extra computational cost. For large vision models, we perform these
computations on cloud server and use low-latency communication
with the robots.
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success in natural language processing tasks [4], circumvent
the requirement for extensive labeled data by leveraging
pre-trained language models. In the context of UAV action
recognition, prompt learning offers a promising avenue for
designing more robust recognition models. By incorporat-
ing high-level texture descriptions or instructions associated
with actions, prompts can effectively guide the model’s
learning process. This targeted guidance allows the model
to focus on discriminative spatiotemporal patterns in the
aerial video data, especially when dealing with challenging
visual features like small targets or unusual camera angles.
Furthermore, the ease of obtaining or embedding prompt
information within existing robotic systems facilitates the
practical implementation of this approach.

Main Results: In this paper, we propose a novel prompt-
learning approach to address the challenges of UAV video
action recognition. Our approach integrates prompts to en-
hance the model’s ability to process video data effectively.
These prompts can be either learnable or pre-defined tem-
plates specifically designed for action recognition tasks. By
incorporating prompts, our method facilitates the model’s
focus on critical regions of interest within video frames.
This targeted focus enables the learning of complex visual
concepts, such as recognizing interactions between multiple
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Fig. 2: Task Overview: We use prompt learning for action recognition. Our method leverages the strengths of prompt learning to guide the
learning process by helping models better focus on the descriptions or instructions associated with actions in the input videos. We explore
various prompts, including optical flow, large vision models, and proposed SCP to improve recognition performance. The recognition

models can be CNNs or Transformers.

agents in aerial footage.

In our prompt learning paradigm, we explore and discuss
different types of prompts, including learnable prompts,
auxiliary visual information (optical flow, detection, etc.),
and large vision models. For learnable prompts, our SCP
dynamically generates prompts from a pool of prompt ex-
perts under different inputs. Our goal is to optimize prompts
that guide the model’s predictions while explicitly learning
input-invariant (prompt experts) and input-specific (data-
dependent) prompt knowledge. For auxiliary visual infor-
mation, we can easily obtain them from the robot’s built-
in system. Our SCP can be easily embedded in any model
without much extra computational cost, especially suitable
for edge and mobile devices. We validate the generalization
by performing evaluations on datasets comprised of aerial
videos and ground camera videos on scenarios involving
single-agent and multi-agent actions. We demonstrate that
our technique can improve performance and enhance the
generalization capabilities of video action recognition models
in different scenarios. Our main contributions include:

1) We present a general learning approach to use prompt
learning and auto-regressive techniques for aerial video
action recognition.

2) We propose a new soft conditional learnable prompt
method that can guide the model’s predictions while
explicitly learning input-invariant (prompt experts) and
input-specific (data-dependent) prompt knowledge.
To the best of our knowledge, ours is the first approach
to explore the possibility of using large vision models
as the prompt to instruct the models on aerial video
action recognition tasks.
Through empirical evaluations, we demonstrate the po-
tential and effectiveness of prompt learning techniques
for aerial video action recognition tasks. Specifically,
we observe a 3.17-10.2% accuracy improvement on the
aerial video datasets. Moreover, we observe a 1.0-3.6%
accuracy improvement on the ground camera video
dataset Something Something V2.

3)

4)

II. RELATED WORKS
A. Action Recognition

Human action recognition, i.e., recognizing and under-
standing human actions, is crucial for a number of real-world
applications. Recently, many deep learning architectures have
been proposed to improve the performance. At a broad
level, they can be classified into three categories: Two-stream
2D Convolutional Neural Network [5], [6], [7], [8], [9],
[10], 3D CNN-based methods [11], [12], [13], [14], [15],
Transformer-based approaches [16], [17], [18].

Although these methods have had good success on the
ground data and YouTube videos, they cannot achieve a
similar level of accuracy on videos captured using Unmanned
Aerial Vehicles (UAVs) [19], [20]. Compared to ground or
YouTube videos, UAV videos have unique characteristics
like small resolution, scale and size variations, and mov-
ing cameras. [19] proposed auto zoom algorithms with an
attention mechanism for inference on both edge devices and
desktop GPUs. [21] proposed a mutual information-based
feature alignment and sampling method to extract spatial-
temporal features corresponding to human actors for better
recognition accuracy. [22] introduced Fourier transformation
into attention modules to aggregate the motion salience. [20]
proposed a novel frame sampler for aerial action recognition
by measuring the similarity between frame patches. Our SCP
can help the above methods better focus on the target agents.

B. Prompt Learning

The concept of prompt learning, initially introduced by
[23], has garnered significant attention in the field of Natural
Language Processing (NLP)[24], [25], [26], [4], [27], [28].
Prompt learning revolves around the fundamental idea of
treating pre-trained language models like BERT or GPT as
knowledge repositories, enabling their utilization in down-
stream tasks. Early studies, exemplified by[23], [29], con-
centrated on crafting prompts manually to enhance language
model performance. Subsequently, researchers like [30], [25]
aimed to automate this process using cost-effective, data-
driven approaches. More recently, some works[31], [32],
[33] have ventured into learning continuous prompts as an
alternative to seeking discrete prompts.
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Fig. 3: Overview of the action recognition framework: We use transformer-based action recognition methods as an example. We
designed a prompt-learning-based encoder to help better extract the feature and use our auto-regressive temporal reasoning algorithm for

recognition models for enhanced inference ability.

In [34], the versatility of expressing a wide range of
robot manipulation tasks through multimodal prompts is
demonstrated using VIMA, a transformer-based generalist
robot agent that processes prompts and generates motor ac-
tions autoregressively. [35] introduces a programmatic LLM
prompt structure to facilitate plan generation adaptable to
various settings, robot functionalities, and tasks. Addition-
ally, [36] proposes a strategy combining prompt engineer-
ing principles and a high-level function library to enhance
ChatGPT’s adaptability to diverse robotics tasks, simulation
environments, and hardware setups. In fashion, [37] use
scenes as prompts to help style-matched recommendations.
In foundation model design, [38] explores different spatial
information as prompts. [39], [40] explore how to find
the keyframes efficiently as prompts for LLMs. Recently,
more and more researchers started exploring prompt learning
techniques in vision tasks [41], [42], [43], [44], [45].

While previous research has predominantly concentrated
on prompt learning for ground robot tasks, the application of
prompt learning to UAV tasks has received limited attention.
This paper introduces a comprehensive learning framework
aimed at assessing the efficacy of prompt learning in the
context of UAV video comprehension, particularly in the
realm of action recognition in both ground/YouTube and
aerial videos. The objective is to bridge this gap and broaden
the applicability of prompt learning to video understanding
tasks within this domain.

III. OUR APPROACH

We denote the input as X; = {x1,x2,...,xn},i € [1,N],
where x; is the j;, frame in the i, video, m is the total
frame number, and N is the total number of videos. The
overall approach predicts the action categories by using
model f(X;), which can be CNNs or Transformers. As shown
in Figure 3, taking transformer-based methods as an example,
we follow the same scheme to extract the features, followed
by using the reasoning process to predict the action labels.
We also present a prompt-learning-based encoder to help
better extract the feature and then propose an auto-regressive

temporal reasoning algorithm for recognition models for
enhanced inference ability. Specifically, in an action model:

f:faofe([xap])a (D

where f, is the prompt-learning-based input encoder, P is
the prompt, and f, is the auto-regressive-based temporal
reasoning model, which is used for the temporal dimension.

A. Prompt Learning-based Input Encoder

For the first part of the input encoder, inspired by these
prompt-based techniques in NLP, we present a new general
prompt learning-based input encoder for action recognition.
Our formulation leverages the strengths of prompt learning to
guide the optimization by providing high-level descriptions
or instructions associated with actions in the inputs. We
use this to alleviate the burden of models’ optimization by
helping models better focus on the active region.

Prompts can enhance the model’s ability to process cus-
tomized inputs by utilizing prompt tokens. By leveraging
prompts, models can more easily focus on the interest targets,
and prompt learning enables the model to learn complex
visual concepts and capture discriminative spatio-temporal
patterns effectively. Specifically, our prompts can be either
predefined templates (non-learnable prompt: optical flow,
large vision models) or learnable tokens (learnable prompt)
that include task-specific information. They can be used
either alone or in combination.

1) Learnable Prompt: Soft Conditional Prompt Learning
(SCP): To better adapt to the input data, we propose a soft
conditional prompt learning (SCP), which learns to dynami-
cally generate prompts from a pool of prompt experts under
different inputs. Prompt experts are learnable parameters
that can be updated from the training process. As shown
in Figure 4, in our design, we use input-invariant (prompt
experts) and input-specific (data dependent) prompts. The
input-invariant prompts contain task information, and we use
a dynamic mechanism to generate input-specific prompts for
different inputs.
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Fig. 4: Soft Conditional Prompt Learning (SCP): Learning
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inputs, which contain task information, and we use a dynamic
mechanism to generate input-specific prompts for different inputs.
Add/Mul means element-wise operations. B x § x C is the input
features’ shape, and [/ is the expert’s number in the prompt pool.

There are different actions and domains (different video
sources) for different videos, so it’s challenging to learn a
single general prompt for all videos. Therefore, we design
an input-invariant prompt experts pool, which contains /
learnable prompts. Unless otherwise specified, the default
value of [ is 8.

P:{Plv'“vpl}v 2

those prompt experts are learnable and will be updated from
all the inputs. For a specific input X*,

(X)), P), 3)

We use an FC layer and sigmoid function ¢ to get dynamic
weights. Then we apply these dynamic weights to the input-
invariant prompt pool to get a customized prompt P* for X*.

'xf:f(f([xivpi])axiEX*vpiGP*7 (4)

where xf is the prompt-based feature.

2) Non-Learnable Prompt: Non-Learnable prompts make
use of statistical methods (e.g., optical flow) or existing pow-
erful large vision models, which can offer reliable prompts
without training.

a) Optical Flow Prompt: Optical flow is a fundamental
concept in computer vision that involves estimating the
motion of objects within a video sequence. It represents the
apparent motion of pixels between consecutive frames, pro-
viding valuable information about the movement of objects
and their relative velocities.

We divide a video into m clips. For raw frame x; and frame
x; from the video, the optical flow is:

P* = Matmul(c(FC

0i = O(xi,x;),x; € clip;,xj € clipj, (5)

where clip; and clip; are two adjacent clips from a video,
and each clip contains several frames. When computing the
optical flow, we only use one frame from each clip in a
video and then apply the optical flow to this whole clip.
This formulation is more efficient because it avoids many
calculations for every frame. Therefore, the input with optical

flow prompt becomes:
[XvP]:{xk*0i|xk€Clipiai€[Lm” (6)

where clip; has k frames. We use [X, P] to replace the original
X in video action recognition.

b) Large Vision Model Prompt: Recently, large models
have been attracting more attention for NLP and other
applications. These large models are considered powerful
since they are trained on huge amounts of data and don’t
need to be finetuned on new tasks as an auxiliary input (i.e.
prompt). Our goal is to use these large models to generate
prompts (e.g. mask, bbox) for video action recognition.

One popular work is the Segment Anything Model
(SAM [46]), which can segment any object in an image given
only some prompts like a single click or box. SAM is trained
on a dataset of 11 million images and 1.1 billion masks. SAM
can segment objects with high accuracy, even when they are
new or have been modified from the training data. SAM
generalizes to new objects and images without the need for
additional training, so we don’t need to finetune the model
on our dataset. For some frames in a video clip, we generate
a segmentation mask using a large vision model, SAM [46].
Next, these masks are used as prompts and fused with input
frames to optimize the recognition model. Specifically, for
frame x;, the output from SAM is:

pi = SAM (x;,boxes/ points), x; € clip; (7
clip; is a video clip containing a few frames,
[X,P] ={x;xpili € [1,m]} (8)
We use [X,P] to replace the original X.

B. Auto-regressive Temporal Reasoning

Temporal reasoning is important for sequence data. There-
fore, we propose an Auto-regressive Temporal Reasoning
algorithm to better model the time-varying data. Auto-
regressive models are statistical models that make predictions
based on previous observations. They assume that the future
values of a variable can be estimated by considering its past
values. For temporal reasoning, this concept is extended to
capture dependencies between different frames in a video.

After getting the prompt-based feature X7 =
{x x5, ....xl}, where x represents the observation at
time step i, the goal is to predict the future values,

Jj<(i+1)
z+l = fa( H Jalx +xz+1) )

where f, denotes the auto-regressive model that maintains an
internal state and updates according to the sequential input.
[1 means a series of functions here. The auto-regressive
temporal reasoning model considers the past observations of
the sequence and the corresponding future observations to
learn the underlying temporal dependencies.

C. Single-agent and Multi-agent Objective

The supervision formats used for single-agent and multi-
agent action recognitions are different. As a result, we choose
different loss functions. Specifically, we choose the classical
cross-entropy loss for single-agent action recognition,

exp x,, C)

Zlog S )y (10)
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Method Frame size  Accuracy

AARN [47], [48] crops 33.75%

Lite ECO [49], [48] crops 36.25%
I3D(RGB)[15], [48] crops 38.12%
3DCapsNet-DR[50], [48] crops 39.37%
3DCapsNet-EM[50], [48] crops 41.87%
DroneCaps[48] crops 47.50%
DroneAttention without bbox[51] 720x420 61.34%
SCP without bbox (Ours) 224x224 71.54%
DroneAttention with bbox [51] 720%x420 72.76%
SCP with bbox (Ours) 224x224 75.93%

TABLE I: Comparison with the state-of-the-art results on the
Okutama dataset. With bbox information, we achieved 10.20%
improvement over the SOTA method. Without bbox information,
we outperformed the SOTA by 3.17%. crops: from detection.

where C is the class number, 7 is the video number, and )Ei,”c
is the SCP’s output feature. y is the label. For multi-agent
on Okutama, we use the BCEWithLogitsLoss,

Lpe=—[ync-1ogo (£2 ) + (1= ync)-log (1 -0 (£5.))]

(1D
where £, is the SCP’s output feature. ¢ is a sigmoid
function. This loss combines a sigmoid function and the
BCELoss, which is more numerically stable than using a
plain sigmoid followed by a BCELoss because by com-
bining the operations into one layer, it takes advantage of
the log-sum-exp for numerical stability. For both single-
agent and multi-agent videos, by sharing the same objective,
our learning approach can optimize prompts that guide the
model’s predictions while explicitly learning input-invariant
(prompt experts pool) and input-specific (data-dependent)
prompt knowledge.

IV. DATASETS AND RESULTS

To verify the effectiveness of SCP, empirical evaluations
were conducted on Okutama [1] and NEC Drone [2] com-
prising both single-agent and multi-agent actions. We further
evaluate on Something-something V2 [3] ground camera
videos to verify the effectiveness and generalization.

A. Datasets and Experiment Settings

a) Okutama [1]: The Okutama dataset consists of 43
minute-long sequences with 12 action classes, providing a
challenge with dynamic action transitions, changing scales
and aspect ratios, camera movement, and multi-labeled ac-
tors. All the frames extracted from the video datasets were
scaled to 224 x 224. The backbone is Swin-T [52]. Follow-
ing [51], the feature maps obtained were processed in the
ROIAlign function (crop size of 5 x 5) to get the desired
ROIs. Other training settings follow [52].

b) NEC Drone [2]: features 5,250 videos depicting 16
distinct actions performed by 19 actors. The initial learning
rate is set 0.05. Stochastic Gradient Descent (SGD) is used as
the optimizer with 0.0005 weight decay and 0.9 momentum.
We use cosine/poly annealing for learning rate decay. All the
frames from the video datasets were scaled to 224 x 224.

c) Something-something v2 (SSV2 [3]): The SSV2
dataset is regarded as a substantial and comprehensive bench-
mark for action recognition, encompassing a vast collection
of 220k action clips. Following [53], we train for 100 epochs
using 8 GPUs with a batch size of 64 and a base learning rate
of 5e-5 with a cosine learning rate schedule. We use Adamw
and use a weight decay of le-4 and a drop path rate of 0.4.
For other training and testing settings, we follow [53]. And
the backbone is MViTv2-S [53].

B. Results on Okutama

Okutama is an aerial multi-agent action recognition dataset
in which multiple actors sequentially perform a diverse set of
actions, which makes it very challenging. In the real world,
it’s difficult to ensure that only a single agent is in the
scene for action recognition. Therefore, multi-agent action
recognition is a very practical and important direction. We
compare our SCP with state-of-the-art (SOTA) works.

As shown in Table I, if there is no bbox information,
we achieved 10.20% improvement over the SOTA method.
If there is bbox information, we outperform the SOTA by
3.17%. This demonstrates the effectiveness of our method.

C. Results on NECDrone

We compare our method with other existing methods
on NEC-Drone. The frames are extracted from raw videos
and augmented as in X3D [54]. The baseline methods use
uniform and random sampling. As shown in Table II, on
NEC Drone, our SCP outperforms the X3D by 4.0 - 7.4%
and improves 23.1% over the K-centered.

Method pretrain Top-1 Accuracy
X3D-random [54] Kinetics400 52.0%
X3D-uniform [54] Kinetics400 55.4%

K-centered [55] N/A 36.3%
SCP-uniform (Ours)  Kinetics400 59.4%

TABLE II: Comparison with existing methods on NEC Drone. Our
SCP improves 4.0-7.4% over X3D and 23.1% over K-centered.

D. Results on Something-something V2

Something-something V2 is a challenging ground camera
dataset for visual common sense because it requires models
to understand the relationships between objects and actions.
For example, to predict the category of a video, a model must
understand that ”something bounces a ball” is different from
”something rolls a ball”. We evaluate our SCP’s reasoning
and temporal modeling ability on Something-somethingV2.

As shown in Table III, our SCP improves 3.6% over
MViTvl1 and 1.0% over MViTv2, which illustrates the effec-
tiveness of our proposed prompt learning and Auto-regressive
temporal modeling.

E. Ablation Study

First, we conducted ablation studies on various prompts,
including optical flow, large vision models, and learnable
prompts (SCP), to verify their effectiveness. Then we further
evaluate the effect of each component of our method.
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Fig. 5: Visualization We first detect the interested target and generate the prompts, then predict the action.
Method pretrain Top-1 Acc.  Top-5 Acc. Method Frame size  Accuracy
TEA [56] ImageNet 1k 65.1% 89.9% Baseline 224 %224 71.54%
MoViNet-A3 [57] N/A 64.1% 88.8% Baseline + Optical Flow 224x224 72.13%
ViT-B-TimeSformer [17] ImageNet 21k 62.5% / Baseline + Large Vision Model (SAM) 224 %224 74.68%
SlowFast R101, 8x8 [58] Kinetics400 63.1% 87.6% Baseline + SCP 224 %224 75.93%
MViTv1-B, 16x4 [59] Kinetics400 64.7% 89.2%
MViTv2-S, 16x4 [53] Kinetics400 67.3% 91.0% TABLE V: Ablation study in terms of different prompts on the
SCP (Ours) Kinetics400 68.3% 91.4% Okutama dataset. We evaluated various prompts, including optical

TABLE III: Comparison with the state-of-the-art results on the
Something Something V2. Our SCP improves 3.6% over MViTvl
and 1.0% over strong SOTA MViTv2.

Component Frame size  Accuracy

Baseline 224x224 71.54%

Baseline + ROI 224x224 73.61%

Baseline + ROI + Large Vision Model (SAM) 224x224 74.68%
Baseline + ROI + SCP 224x224 76.34%

TABLE 1IV: Ablation study in terms of the effect of different
components in our method on the Okutama dataset. We evaluated
ROI, Large Vision Model (SAM), and SCP. The experiments
showed the effectiveness of our proposed methods.

Different Prompts To evaluate the effectiveness of dif-
ferent prompts, various prompts, including optical flow,
large vision model (SAM [46]), and learnable prompts, are
examined in this work. As shown in Table V, the large vision
model and SCP achieved better accuracy.

Effect of Each Component of Our Method We also
evaluated the effect of the components in our methods,
including Region of Interest alignment (ROI), Large Vision

flow, a large vision model(SAM [46]), and SCP. From our experi-
ment, the large vision model and SCP achieved better accuracy.

Model, and Learnable Prompt. As shown in Table IV,
ROI can achieve 2.07% improvement, ROI combined with
Large Vision Model can achieve 3.14% improvement, ROI
combined with our SCP can achieve 4.80% improvement.
The experiments showed the effectiveness of our proposed
methods.

V. CONCLUSION

We present a general prompt learning approach to allevi-
ate the optimization burden by providing high-level texture
descriptions or instructions associated with actions. These
prompts enable the model to capture discriminative spatio-
temporal patterns effectively. Our proposed SCP learns to
dynamically generate prompts from a pool of prompt experts
under different inputs. Our objective is to optimize prompts
that guide the model’s predictions while explicitly learning
input-invariant (prompt experts) and input-specific (data-
dependent) prompt knowledge. We observe good accuracy
improvements on the challenging datasets.
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