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ABSTRACT

We present an effective method to detect and recognize
multiple animal activities that can advance wildlife conserva-
tion and ecological research. While current activity recogni-
tion models focus on human actions, we emphasize the need
for species-specific designs to accommodate the diverse and
complex movements of animals. Our approach involves a
dual-phase process: first identifying the species, then recog-
nizing its activities using the cutting-edge Multi-modal Se-
mantic Query Network (MSQNet), a Transformer-based ob-
ject detector. By customizing and training our models metic-
ulously, we address the challenges posed by the wide range
of animal behaviors and physical characteristics. This high-
lights the importance of dedicated action recognition sys-
tems for non-human subjects. Our method achieves an im-
pressive multi-label average precision (MAP) score of 72.5%
on the Animal Kingdom dataset, demonstrating precise ani-
mal activity recognition capabilities that benefit wildlife con-
servation and ecological studies. This performance placed
our team among the top contributions to the ICME 2024
MMVRAC challenge. Our research paves the way for real-
time observation, recognition, and classification of animal
behaviors in wildlife studies. Code is available at https:
//github.com/casperious/DP_MSQNet.

Index Terms— Animal action recognition, animal iden-
tification, Animal Kingdom dataset, MM VRAC.

1. INTRODUCTION

Animal action recognition from videos plays a pivotal role in
the observation and interpretation of animal behavior, serv-
ing as a fundamental tool for biological and ecological stud-
ies [1]. This capability has tangible benefits in fields such as
conservation [2], animal welfare [3, 4], and study of human-
animal interactions [5]. Moreover, it significantly contributes
to wildlife monitoring and protection initiatives. Through
accurate recognition and analysis of animal movements, re-
searchers and conservationists can effectively track endan-
gered species, enhance our understanding of animal behaviors
in their natural environments, improve livestock management
practices, and improve conditions for animals held in captiv-
ity. Additionally, this research opens avenues for exploring

evolutionary links in behavior and cognition that span across
different species, including humans.

Action recognition has predominantly focused on human
subjects, driving extensive research and advances in diverse
applications such as healthcare [0], security [7] and sports an-
alytics [8]. The ability to automatically identify and under-
stand human actions from video footage has led to innova-
tive solutions that improve safety measures, enable advanced
healthcare monitoring systems, and promote interactive tech-
nologies, significantly advancing these domains.

Extending human action recognition technologies to ani-
mals adds complexity due to species diversity. Each animal
species has unique physical traits and behaviors, necessitat-
ing specialized models for accurate identification and behav-
ior recognition. Traditional models designed for humans are
inadequate due to these differences. Utilizing animal-specific
recognition can improve scientific understanding and enrich
educational and research experiences. The AnimalKingdom
dataset, which includes 50 hours of annotated footage, sup-
ports the recognition of specific animal behaviors.

In this paper, we present a novel animal action recogni-
tion pipeline that starts with species identification from video
data, followed by action recognition for precise behavioral
analysis. Fig. 1 provides an overview. Our approach uses
species-specific models to account for the unique movements
and behaviors of each species. This dual-phase approach
allows for a more refined and precise interpretation of ani-
mal actions. We employ a general model for initial species
identification and specialized models for detailed action anal-
ysis. This strategy not only improves recognition accuracy
but also optimizes efficiency. Our methodology was success-
fully tested in the 2024 ICME Grand Challenge: Multi-Modal
Video Reasoning and Analyzing Competition (MMVRAC),
where it ranked among the top entries, demonstrating its ef-
fectiveness and innovation.

Contribution of this paper includes the following:

* We introduce a dual-phase, species-specific pipeline for ef-
fective action recognition capable of identifying animal ac-
tions across a wide range of species. Starting with ani-
mal identification from video, our approach makes use of
the state-of-the-art Multi-modal Semantic Query Network
(MSQNet), which is tailored toward a novel actor-agnostic
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Fig. 1. The Adaptive Dual-Phase MSQNet Pipeline: Initiating with Zamba’s Sequential Video Analysis for Animal Detection,
Proceeding to Species-Specific Action Recognition, and Finalizing with Weighted Action Class Prediction.

recognition pipeline. The final animal action class is deter-
mined through robust weighted prediction.

¢ Our method achieves an MAP score of 72.5% on the An-
imal Kingdom dataset. Our results is among top teams in
the 2024 ICME MMVRAC Grand Challenge.

2. RELATED WORK

Animal identification from images: The shift from tradi-
tional machine learning (ML) to deep learning has trans-
formed animal identification. Initially, ML methods relied on
handcrafted features and classifiers like support vector ma-
chines (SVMs) [9], but struggled with natural image variabil-
ity. The emergence of deep learning, particularly Convolu-
tional Neural Networks (CNNs), significantly boosted accu-
racy over traditional ML models [10, 11]. CNNs excel in
distinguishing among species and achieving high accuracy in
identification tasks. With the development of CNN architec-
tures and the use of transfer learning, challenges stemming
from image variability have been addressed. In [12], Mask
R-CNN with a pre-trained ResNet101 backbone is used to
identify two animal species. In [I3], transfer learning with
pre-trained networks is applied to classify 26 animal species
on ImageNet. This highlights the benefits of fine-tuning pre-
trained models for the ability to identify diverse species.
Animal identification in video: The process of identify-
ing animals in video data typically involves two phases: frame
extraction and animal classification using a sequence of im-
ages. CNNs are widely used to extract features from these
frames. To handle spatial-temporal features within sequences
of frames, architectures such as Long Short-Term Memory

(LSTM) [14], Gated Recurrent Units (GRU) [15], Transform-
ers [16], and Mamba [17] offer significant advantages.

Self-attention is not limited to object detection; it finds
utility in dense prediction such as image segmentation as well.
Various techniques, such as hierarchical pyramid vision trans-
former (ViT) [18], progressive upsampling [19], multi-level
feature aggregation [20], and masking-based predictions [21]
have been explored in this context. Moreover, Transformers
have been adopted in diverse domains, including action lo-
calization and recognition [22], video classification [23], and
group action recognition [24]. Notably, pure Transformer-
based models with spatio-temporal attention have been devel-
oped to improve performance in these tasks.

Action recognition: Accurate encoding of spatial and
motion information is crucial for detecting actions in un-
confined video footage. Earlier approaches in video com-
prehension utilized a combination of 2D or 3D convolution
alongside sequential models to understand spatial and tem-
poral nuances [25]. Recent advances have introduced vision
transformer-based models [26], prioritizing long-range con-
text and showcasing superior performance. These models
adeptly capture extensive spatio-temporal relationships, sur-
passing conventional convolutional counterparts.

Vision language models: Large-scale pre-training of
image-text representations has proven highly effective across
various tasks, including text-to-image retrieval [27], image
captioning [28], visual question answering [29], object de-
tection [30], and image segmentation [31]. This success has
led to the widespread adoption of foundation models like
Contrastive Language-Image Pre-Training (CLIP) [32] and A
Large-scale ImaGe and Noisy-text embedding (ALIGN) [33



within the computer vision community. However, extend-
ing this knowledge from vision-language models to videos
presents challenges due to the limited temporal information
available at the image level.

Actor agnostic models. While earlier approaches primar-
ily focused on unimodal solutions, recent efforts such as Ac-
tionCLIP [34] and XCLIP [35] have embraced a multi-modal
strategy by leveraging CLIP [32] for video comprehension.
However, existing methodologies often concentrate on spe-
cific actors, either humans or animals. Noteably, the Multi-
modal Semantic Query Network (MSQNet) [36] is an ac-
tion recognition model that does not rely on specific actors.
It builds a multi-modal query for the Transformer decoder
network, which is trained on videos with multiple action la-
bels. By incorporating Transformers into its video encoder,
MSQNet captures fine-grained features and their relationships
over time and space, allowing for actor-agnostic action classi-
fication. It utilizes the Detection with Transformers (DETR)
framework for multi-label action recognition. In this paper,
we train 7 MSQNet models on the individual species in the
Animal Kingdom dataset [37] and demonstrate the capabil-
ity to recognize multiple animal actions independent of the
involved actors. Different animal species may behave differ-
ently due to their unique habits, skeletal structures, and other
factors. Recognizing these actions is crucial for animal stud-
ies.

3. METHODOLOGY

Our method starts with the identification of animals in § 3.1,
and proceeds to the recognition of specific animal behaviors
in § 3.2. Finally, we calculate the weighted prediction in § 3.3.

3.1. Animal Identification

Given an input video with unknown animal type, we first
conduct animal classification by analyzing frames across
the temporal dimension.  Specifically, we utilize the
TimeDistributedEfficientNet model from Project
Zamba ' to leverage the robust feature extraction capabilities
of EfficientNet [38] within a setting tailored for video classi-
fication. This model is tailored to process video frames se-
quentially, effectively utilizing EfficientNet as its backbone.
With a TimeDistributed wrapper around EfficientNet,
the model efficiently handles sequential data in videos, mak-
ing it well-suited for analyzing animal videos.

Our animal classification model consists of multiple lay-
ers. It starts with a linear layer that reduces the dimension-
ality of the backbone’s output features. Dropout is applied
for regularization purposes. Next, a ReLU activation function
introduces non-linearity to the features. Another linear layer
further processes these features. Finally, a Fully Connected
(FC) layer predicts the animal class.

Thttps://zamba.drivendata.org/

3.2. Species-Specific Action Recognition

We adopt the state-of-the-art Multi-modal Semantic Query
Network (MSQNet) [36], a vision-language model based
on the Transformer [16] framework tailored for multi-label,
multi-modal action classification. MSQNet integrates three
critical elements: (1) a spatio-temporal video encoder that
extracts spatial and motion details by segmenting and em-
bedding video frames, (2) a multi-modal query encoder that
merges video data with action-specific information through
concatenation of label and video embeddings from a pre-
trained CLIP [32] encoder, and (3) a multi-modal decoder that
refines the video encoding using self-attention and encoder-
decoder mechanisms. This streamlined process updates
queries with contextual data from videos, aiming to accu-
rately predict action class probabilities by employing categor-
ical Binary Cross-Entropy (BCE) Logit loss for training. Our
method streamlines the classification by first identifying the
species through the Zamba model, and then passing the video
through the relevant species-specific trained MSQNet model.

3.3. Weighted Prediction

We calculate the likelihood of each animal specie appearing
in a video, leading to an estimation matrix for weighted pre-
diction of the k£ animal action classes. This matrix is a ta-
ble where rows represent different videos, and columns corre-
spond to the probabilities of each animal specie, with dimen-
sions R"*™ where n is the number of test videos and m is the
number of animal species. To refine our predictions, we use
a threshold € to dismiss probabilities below this value, result-
ing in a more confident prediction matrix for the presence of
species in videos. The refined matrix focuses on species with
confidence levels above € with m’ representing the number of
species confidently identified post-threshold application.

Algorithm 1 shows the calculation of weighted prediction
combining the two estimations from animal identification and
species-specific action recognition.

Algorithm 1 Calculate weighted prediction

Require: Prediction result from zamba R™*™, specific an-
imal action recognition result ™ **m/ may vary for
each video sample.
fori =1tondo

predi — Rlxmé X Rm;Xk
end for
actionPred < Concatenate( all pred;)
return actionPred > actionPred is R™**

> pred; is RM<*
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4. EXPERIMENTAL RESULTS

Dataset: We use the Animal Kingdom dataset [37] 2 as our
primary data source. This extensive dataset encompasses
over 50 hours of wildlife footage, showcasing diverse ani-
mals across various classes and ecosystems. It consists of
30,000 video sequences representing over 850 species, in-
cluding Mammals, Reptiles, Amphibians, Birds, Marine Life,
and Insects.

4.1. Implementation Details

We provide details for training the proposed animal identifi-
cation and species-specific action recognition models.

Animal identification: The model is pre-trained on ap-
proximately 250,000 camera trap videos from regions in Cen-
tral, West, and East Africa, supplemented by approximately
13,000 additional videos from camera traps located in Ger-
many, as detailed in Project Zamba. For fine-tuning, we uti-
lize the Animal Kingdom dataset. We employ early stopping
to determine the optimal number of training epochs, using
validation loss as the key criterion for this decision.

Species-specific action recognition: First, we conducted
model pre-training on the K400 human action recognition
dataset [39] 3. Subsequently, the model is fine-tuned for each
animal species over a span of 100 epochs, following the set-
ting of MSQNet [36]. To streamline the dataset and elimi-
nate redundancies, we generated lightweight CSV files. Fur-
ther processing of the training data involved creating multiple
MSQNet instances, each dedicated to training on a species-
specific subset of the data.

We partitioned the input into seven distinct datasets, each
corresponding to a different animal species in the Animal
Kingdom dataset. Subsequently, specific models were trained
and tested on these datasets. The selection of the model is
determined by Zamba’s prediction. If the likelihood p; of a
video containing a particular animal species exceeds a thresh-
old ¢, the corresponding MSQNet model is then used, as
shown in the pipeline in Fig. 1. The depiction of pipeline
results with video inputs is illustrated in Fig 3.

All experiments were conducted on a NVIDIA DGX
Linux platform equipped with an A100 GPU, CUDA, and Py-
Torch 2.1.

4.2. Evaluation Metric

Fig. 2 illustrates the evaluation of the proposed dual-phase
pipeline. For the evaluation of the animal identification mod-
ule, we utilized the Zamba package and adopted Precision,
Recall, and Accuracy as our evaluation metrics. The dataset
was partitioned into training, validation, and testing sets with
a 3:1:1 ratio. For evaluating our animal identification model,

Zhttps://sutdev.github.io/Animal- Kingdom/
3https://github.com/cvdfoundation/kinetics-dataset
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Fig. 2. Performance evaluation pipeline for the proposed
model using multi-label average precision (MAP).

Table 1. Evaluation results on animal identification.
Evaluation Score  Accuracy Precision Score Recall Score ~ F1

Amphibian 0.987 0.917 0.763 0.832
Bird 0.987 0.988 0.987 0.987
Fish 0.989 0.900 0.795 0.844

Insect 0.975 0.943 0.868 0.903
Mammal 0.989 0.959 0911 0.934
Reptile 0.983 0.976 0.909 0.941
Sea Animal 0.987 0.900 0.613 0.729
Overall - - - 0.89

we employ the F1 score, while for both species-specific ac-
tion recognition models and overall pipeline performance, we
utilize the multi-label average precision (MAP) as our assess-
ment metric.

4.3. Results

Evaluation of Animal Identification. On the test dataset,
we achieved a macro F1 score of 0.89. The results of the test
evaluation metrics are documented in Table 1. It can be ob-
served that our approach has achieved high accuracy (over
97% across all seven categories. The precision and recall
score of the Bird category is notably higher than those of oth-
ers because birds often exhibit distinctive physical features
and behaviors that are easily distinguishable from those of
other animals, such as plumage color, flight patterns, and nest-
ing activities. These unique attributes can make birds more
recognizable for our proposed model.

Evaluation of individual species action recognition. In as-
sessing the individual species action recognition module, we
leveraged the MSQNet package and use MAP as evaluation
metric. The bird species holds the highest MAP score of
82.81, surpassing all other species. Refer to Table 2 for com-
parison results.

Evaluation of the whole pipeline. We again use MAP as
the evaluation metric for our pipeline. Since each module
is trained independently, no additional training is required.
The threshold e for filtering the Zamba results is set to 0.9.



Fig. 3. Our pipeline accurately predicts the animal in the video to be a bird, and subsequently indicates. (a) exploration with
63% likelihood, (b) eating with 18% probability, and (c) walking with 12% chance. These behaviors were all confirmed in the

labeled video.

Table 2. Evaluation results of species-specific action recog-

nition in the MAP scores.
- Amphibian Bird Fish Insect Mammal Reptile Sea Animal

MAP 71.28 82.8181.84 63.72 66.70 72.41 62.11

Table 3. Comparing our pipeline against the state-of-the-art.
TS: TimeSformer [40]; MMQ: Multi-modal Query [36]

Method Backbone  Pretrain  MMQ MAP
CARe [37] X3D - No 25.25
CARe [37] 13D - No 16.48

MSQNet [36] TS K400 No 71.63
MSQNet [36] TS K400 Yes 73.10
Ours TS K400 Yes 72.50

Table 3 shows the comparison of our method against the state-
of-the-art (SoTA) methods including the TimeSformer (TS)
[40] and the Multi-Model Query (MMQ) [36]. For Animal
Kingdom, we consider CARe [37] with two backbones (X3D
and I3D) alongside MSQNet for scenarios without specific
actors as outlined in MSQNet [36].

5. CONCLUSION

We introduce an innovative two-stage pipeline that adeptly
integrates species identification and species-specific action
recognition, significantly enhancing the accuracy of animal
action recognition. This approach has demonstrated a multi-
label average precision (MAP) of 72.5% on the Animal King-
dom dataset during the 2024 ICME Grand Challenge. Such
progress promises to bolster efforts in wildlife monitoring,
conservation, and the promotion of animal welfare, outper-

forming numerous current methodologies through the intro-
duction of a groundbreaking feature for species classification.

Future work includes exploring multimodal learning ad-
vancements and integrating explanations of animal actions
to improve model training. Furthermore, we intend to ex-
plore animal action segmentation, identifying the precise tim-
ing and nature of actions within a sequence. This ambitious
trajectory will facilitate a deeper understanding of animal be-
haviors, paving the way for further research and applications
in ecological studies and beyond.
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