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Abstract—As Artificial Intelligence (AI) has developed rapidly
over the past few decades, the new generation of AI, Large
Language Models (LLMs) trained on massive datasets, has
achieved ground-breaking performance in many applications.
Further progress has been made in multimodal LLMs, with many
datasets created to evaluate LLMs with vision abilities. However,
none of those datasets focuses solely on marine mammals, which
are indispensable for ecological equilibrium. In this work, we
build a benchmark dataset with 1,423 images of 65 kinds of
marine mammals, where each animal is uniquely classified into
different levels of class, ranging from species-level to medium-
level to group-level. Moreover, we evaluate several approaches for
classifying these marine mammals: (1) machine learning (ML)
algorithms using embeddings provided by neural networks, (2)
influential pre-trained neural networks, (3) zero-shot models:
CLIP and LLMs, and (4) a novel LLM-based multi-agent system
(MAS). The results demonstrate the strengths of traditional
models and LLMs in different aspects, and the MAS can
further improve the classification performance. The dataset is
available on GitHub: https://github.com/yeyimilk/LLM-Vision-
Marine-Animals.git.

Index Terms—Large language models, marine mammals,
benchmark, pre-trained neural network, multi-agent system

I. INTRODUCTION

Marine mammals are integral to ocean environments and are
critical for maintaining ecological balance [1], [2]. However,
they are increasingly threatened by habitat destruction, climate
change, pollution, and various human activities. These chal-
lenges underscore the urgent need for extensive research and
targeted conservation efforts [3]. A growing trend is to utilize
artificial intelligence (AI) to study nature more effectively; in
this paper, we investigate and enhance the capabilities of the
most influential models for marine mammal classification.

The research into AI has made remarkable progress in
recent years, particularly in the development of large language
models (LLMs) such as GPT [4], [5], Gemini [6], [7] and
LLaMA [8], [9]. These models have demonstrated exceptional
proficiency across a wide range of text-related tasks, including
text classification, summarization, question answering, and
code generation. Recent advancements have further expanded
the capabilities of these models by incorporating vision recog-
nition into multimodal frameworks, making them able to
analyze and interpret images alongside textual data. There
are two types of multimodal LLMs: the first includes those
specifically designed for visual tasks, such as LLaVA [10],
DALL-E 3 [11], BLIP-2 [12], CLIP [13], and ALIGN [14].

The second kind includes general LLMs, such as GPT-4o [5]
and Gemini-1.5 Pro [15], which integrate visual processing
functions into their text generation capabilities. This integra-
tion facilitates more sophisticated and comprehensive analyses
of visual content, enabling a series of image-related tasks [16],
[17]. These capabilities provide a richer, more context-aware
approach to processing multimodal data.

Despite the rapid advancements in LLMs, the availability
of specialized datasets for training and evaluating these mod-
els remains inadequate. While existing datasets encompass a
broad range of categories, from generic objects to specific
groups such as animals, there is a notable deficiency in
datasets explicitly focused on marine mammals. Furthermore,
there is a significant lack of benchmarks designed to assess
the performance of LLMs on such specialized data as ma-
rine mammals. This scarcity presents a substantial barrier
to conducting detailed analyses and developing conservation
strategies tailored to these critical species.

To address these limitations, our work introduces the fol-
lowing major contributions:

• A Novel Dataset: We introduce a dataset specifically fo-
cused on marine mammals, comprising a diverse array of
images accompanied by corresponding labels at various
levels of granularity. This dataset is designed to represent
a wide range of species, capturing them across different
environments, behaviors, and group dynamics.

• Comprehensive Model Evaluations: We conduct thor-
ough evaluations of model performance, including tra-
ditional machine learning (ML) techniques, deep learn-
ing (DL) approaches, zero-shot learning models such as
Contrastive Language-Image Pretraining (CLIP) and mul-
timodal LLMs. Our evaluations explore various strategies
and dimensions to rigorously assess the capabilities and
limitations of these models. Through these contributions,
we aim to address existing gaps and advance research
in marine mammal studies while also contributing to the
development of the latest LLMs.

• An innovative multi-agent system: We propose and
develop an LLM-based multi-agent system (MAS) to
further explore LLMs’ potential in marine mammal clas-
sification. The system takes each foundational LLM’s
prediction as input for an ensemble LLM, which incor-
porates diverse reasoning chains and provides a more
comprehensive analysis. The outcomes indicate that our
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Fig. 1. Image samples from the proposed dataset.

MAS outperforms a single LLM at different levels of
classification. The proposed multi-agent system is demon-
strated in Figure 2.

II. RELATED WORK

A. Research on Marine animals in Aquatic Environments

Marine mammals, encompassing species such as whales,
dolphins, seals, and sea lions, play a crucial role in ocean
ecosystems [1], [2]. However, the conservation of these species
is challenged by the complexity of their natural habitats and
the threats they face. The application of Computer Vision (CV)
to marine research is a growing area of interest [18], [19],
yet it remains underdeveloped, particularly concerning datasets
focused exclusively on marine mammals. Previous research
in aquatic environments has predominantly centered on fish
detection, driven by the needs of the aquaculture industry.
However, the detection and analysis of marine mammals
remain an area requiring further exploration.

Moreover, local regression models applied to aquatic species
face numerous challenges, including varying illumination, low
contrast, high noise levels, species deformation, frequent oc-
clusion, and dynamic backgrounds [20], [21]. These challenges
are exacerbated in marine environments, where conditions can
be highly variable and difficult to control.

B. AI Techniques in Animal Recognition and Data Scarcity
for Marine Mammals

AI techniques, particularly those involving deep learning,
have been successfully applied to various animal recogni-
tion tasks. In the domain of terrestrial animals, approaches
such as Convolutional Neural Networks (CNNs) [22] have
demonstrated high accuracy and efficiency. For example, a
study on cattle brand recognition [23] used CNNs for feature
extraction and SVMs for classification, achieving an accuracy
of 93.28% and indicating the potential of these methods for
similar applications.

Recent advancements in LLMs, particularly in integrating
vision and language into multimodal models, offer promising

new directions for marine mammal research. These models,
which process both textual and visual data, have the potential
to overcome some of the challenges posed by traditional CV
techniques. For instance, models like Gemini-1.5 Pro have
shown proficiency in zero-shot learning tasks, where the model
can recognize and categorize images without prior exposure
to specific labels [7].

Despite these advancements, the application of advanced
techniques to marine mammal tasks remains underexplored.
The lack of benchmarks and specialized datasets for evaluating
these models on marine mammal data has hindered progress
in this area [24]. To address this gap, we introduce a new
dataset focused exclusively on marine mammals. Additionally,
our comprehensive evaluation of model performance across
traditional ML models, pre-trained DL models, LLMs and an
LLM-based MAS provides valuable insights into the capabil-
ities and limitations of these advanced AI techniques in the
context of marine mammal research.

C. LLMs-based Multi-Agent Systems

LLMs have shown remarkable abilities in understanding and
processing complex reasoning tasks. Recent studies suggest
that these strengths can be significantly enhanced when de-
ployed within a Multi-Agent System in different applications
[25]–[28]. In an LLMs-based MAS, multiple LLMs function
as independent agents, each assigned a specialized role. These
agents work in concert to address tasks that may be too
complex for a single model to manage effectively. The system
capitalizes on the collaborative and complementary strengths
of these agents, enabling them to engage in planning, dis-
cussion, and decision-making processes that closely resemble
those of humans [29] or teams [30].

The key strengths of LLMs-based MAS can be in several
aspects. Its ability to specialize tasks allows each agent to
focus on a specific aspect of the problem and leads to
more precise and effective solutions. The diversity of thought
provided by multiple agents ensures that various perspectives
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Fig. 2. The process of the LLM-based MAS.

are considered, enhancing the overall problem-solving pro-
cess. Additionally, the system’s collaborative nature promotes
robust error detection and correction, as agents can cross-
check and validate each other’s outputs. LLMs-based MAS is
increasingly becoming a powerful tool for tackling complex,
multifaceted challenges [31].

III. DATASET

As part of preparing a comprehensive framework for image
classification, this paper introduces a meticulously curated
dataset of marine mammal images sourced from various
platforms. These include Flickr1, Getty Images2, GBIF3,
World Register of Marine Species (WoRMS)4, Unsplash5, and
“OCEAN TREASURES” Memorial Library6. By using species
names as the primary search keywords on these platforms,
the resulting dataset is both diverse and inclusive in the
representation of marine mammals.

TABLE I
STATISTICS OF THE DATASET

Training set Validation set Testing set

# images 1163 130 130
Min # per species 11 2 2
Max # per species 37 2 2
# Group classes 4 4 4
# Medium classes 10 10 10
# Species classes 65 65 65

Overall, the dataset consists of 1,423 images of 65 kinds of
marine mammals, providing a comprehensive view of marine

1https://www.flickr.com/
2https://www.gettyimages.com/
3https://www.gbif.org/
4https://www.marinespecies.org/aphia.php
5https://unsplash.com/
6https://otlibrary.com/

biodiversity. Figure 1 displays random sample images from the
proposed dataset. The dataset includes a variety of viewpoints,
such as underwater, at the water’s surface, aerial views, from a
boat, inside aquariums, and along the shorelines. The animals
in the image may be fully submerged, partially in and out of
the water, or completely exposed. Air and water conditions
vary depending on the time and location where the images
were captured. The images remain unprocessed, preserving
their original quality to exhibit real-world use cases without
pre-selection and pre-processing.

Table I provides a statistical overview of the dataset, elu-
cidating the distribution of images among the three subsets:
training, validation, and testing. All subsets include all classes
for different levels. Each species is represented by 2 images
in the validation and testing set, and for the training set, the
number ranges from 11 to 37, with most species having 16
images. Each image is carefully evaluated for its relevance and
quality, ensuring the rigorous nature of the dataset for future
model development and comparative studies.

In this dataset, each image is classified into three hierar-
chical levels: 4 group-level classes, 10 medium-level classes,
and 65 species-level classes. Specifically, every image has a
distinct label corresponding to each classification level. The
label hierarchy is illustrated in Figure 3.

IV. EXPERIMENTAL SETTINGS

In this section, we introduce the settings used in our
experiments. The classification of marine mammal images is
a complex task due to the diverse range of species, their
similar appearances, and the varying environmental conditions
in which images are captured. To achieve a more comprehen-
sive evaluation, we assess these models at different levels of
granularity: species, medium, and group. The objectives of
these experiments are to establish the baseline performance
of traditional ML models and pre-trained ML models and to
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Fig. 3. The figure shows the hierarchical structure of the labels used in the marine mammal dataset. There are three levels: 4 groups, 10 medium sub-groups,
and 65 species, with each medium sub-group represented by 1 species.

investigate the performance of advanced multimodal LLMs
and a novel LLM-based multi-agent system for the task.

A. Overview of Model Categories

To conduct a thorough evaluation, we select models from
three main categories: traditional ML models, pre-trained DL
models, and multi-modal LLMs, as follows.

• ML models, KNN and SVM: In this scheme, a neural
network is used as a feature extractor, followed by
traditional machine learning classifiers such as K–Nearest
Neighbors (KNN) and SVM. It serves as a baseline to
reflect the performance of more complex models.

• Pre-trained DL models, VGG [32] and ResNet [33]:
VGG is well-known for its excellent performance and
is widely used as a benchmark standard for DL mod-
els. ResNets learn residual mappings instead of direct
mappings from input to output, which enables the con-
struction of very deep networks, with some versions
containing hundreds or even thousands of layers.

• CLIP [13]: CLIP (Contrastive Language–Image Pre-
training) builds on a large body of work on zero-shot
transfer, natural language supervision, and multimodal
learning. It was trained on 400 million (image, text) pairs
collected from the internet and can be applied to any
visual classification benchmark by simply providing the
names of the visual categories to be recognized, referred
as zero-shot capabilities.

• LLaVA [34]: The Large Language and Vision Assistant
(LLaVA) represents a multimodal model combining a vi-
sion encoder and a language model, enabling both visual
and language understanding. It has been effective in tasks
requiring visual instruction, leveraging visual features to
generate natural, human-like language responses.

• GPT-4o [5]: A new variant of GPT-4 optimized for
vision and audio tasks. GPT-4o also leverages large-scale
pretraining datasets, improving performance in complex
reasoning tasks and other advanced natural language
processing challenges.

• Gemini-1.5 Pro [15]: As one of the latest models
from Google DeepMind, Gemini-1.5 Pro is designed and
trained to handle a broad range of tasks, providing state-
of-the-art results in both natural language and multimodal
tasks.

B. Evaluation Metrics

In this study, accuracy is chosen as the primary metric for
assessing the performance of different models, and it is defined
as shown in Equation 1 below:

Accuracy =

∑n
1 TPi

N
(1)

where: TPi is the number of true positives for class i,
n is the number of classes, and N is the total number of
predictions.

Other metrics are not employed as they may not reflect the
performance well. For example, the micro-F1 is always equal
to accuracy in multi-class classification, as there are no true
negatives; every sample belongs to exactly one class.

We use accuracy alone to provide a clear and direct eval-
uation of the model’s ability to distinguish between differ-
ent marine mammal species without overcomplicating the
analysis. This choice aligns well with the dataset’s balanced
characteristics and the specific research objectives of this
study.

C. Machine Learning settings

In order to generate a performance baseline using traditional
ML methods, we employ the pre-trained model DINOv2 to
generate embeddings for images in our dataset. Our decision
to focus on DINOv2 is supported by recent research, which
demonstrates that DINOv2, in its latest version, outperforms
CLIP in generating robust and transferable visual features [35].
The embeddings are extracted by passing the images through
the pre-trained model. They capture the underlying patterns
and characteristics and serve as the representations of images
in the latent feature space. The extracted features are then used
to train KNN and SVM classifiers on the training set.
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D. Deep Learning settings

In the deep learning experiments, we employ ResNet and
VGG families to classify marine mammal images using a
fine-tuning approach. Pre-trained versions of these models are
obtained from the PyTorch library [36].

During the training process, we compare ResNet models
of varying depths: ResNet-34, ResNet-50, ResNet-101, and
ResNet-152. Similarly, in the VGG model family, we fine-
tune VGG-11 and VGG-13, each with and without batch
normalization. A new fully connected layer is added as the
final layer to predict the likelihood of each class. We use
pre-trained models from the PyTorch library and leverage
the Adam optimizer to tune the network parameters over 40
epochs at the species, medium, and group levels, respectively.
After each epoch, the fine-tuned models are evaluated on
the validation set. Within each model family, models with
the highest validation accuracy are selected and compared
(discussed in Section V). The best-performing model is then
evaluated on the test set to determine the accuracy. If two
models achieve the same validation accuracy, we take the
smaller model.

E. Multimodal LLMs

We use four base models: LLaVA-v1.5-7B, LLaVA-v1.6-
34B, GPT-4o, and Gemini-1.5-Pro, and evaluate them using
the prompts stated in Prompting Strategies. We use a zero-shot
approach where the models classify marine mammal images
directly without additional training. These models leverage
both visual and textual information to make predictions, mak-
ing them suitable for scenarios where labeled training data
is sparse. To optimize their performance, we design a set of
prompting strategies that guide the models through different
levels of specificity and reasoning. The models are tested using
eight unique prompts that combine different question formats
and answer granularities.

F. Prompting strategies

The prompting strategies are crafted to optimize the LLMs’
performance and are presented below. They are divided into
two main parts: the question format (Part 1) and the answer
granularity (Part 2). The question format includes two types:
Zero-Shot (0s), which asks the model to directly identify the
species without any intermediate reasoning steps; and Zero-
Shot Chain-of-Thought (0s-CoT), which guides the model to
think step-by-step before reaching the final decision. The an-
swer granularity focuses on different levels of classification —
species-level, medium-level, and group-level — using either
open-ended prompts or predefined lists of possible answers.
By combining these parts, we create eight unique prompts for
the LLMs.
a): Part 1: Question Format

• Zero-Shot (0s): ”What is the species of the marine
mammal(s) in the picture? Provide only the direct an-
swer.” This prompt asks the model to directly identify
the species without any intermediate reasoning steps. It

is designed to test the model’s ability to provide an
immediate response based on its pre-trained knowledge.

• Zero-Shot Chain-of-Thought (0s-CoT): ”What is the
species of the marine mammal(s) in the picture? Let’s
think step by step.” This prompt asks the model to break
down the problem and provide reasoning steps using the
CoT method. It aims to leverage the model’s reasoning
capabilities.

b): Part 2: Answer Granularity
• Open-Ended Species-Level: ”The answer must be the

common species name, avoiding any scientific or higher-
level classifications.” This prompt instructs the model to
provide the open-ended answer in species-level classifi-
cation.

• Name-Listed Species-Level: ”The answer must be one
from the following: [List of species names].” This prompt
provides a predefined list of species names, guiding the
model to choose from the list at the species level.

• Name-Listed Medium-Level: ”The answer must be
one from the following ten taxonomic groups: Dol-
phin, Whale, Porpoise, Seal, Sea Lion, Walrus, Manatee,
Dugong, Polar Bear, and Sea Otter.” This prompt asks
the model to classify the marine animal into one of ten
medium-level taxonomic groups.

• Name-Listed Group-Level: ”The answer must be one
from the following four taxonomic groups: Cetacean,
Pinniped, Sirenian, and Marine Fissiped.” This prompt
asks the model to classify the marine animal into one of
four broad taxonomic groups.

G. LLM-based MAS

To further improve the performance of LLMs, we construct
a MAS that leverages the outputs from three foundational
LLMs — GPT-4o, Gemini-1.5 Pro, and LLaVA-34B. In this
setup, each LLM acts as an independent agent, providing a
primary decision based on its own capabilities. These pri-
mary predictions are then aggregated into an ensemble model
(referred to as the Critic Agent in Figure 2) — GPT-4o or
Gemini-1.5 Pro — to derive the final classification result.

The MAS experiment settings include two scenarios: with
and without the use of CoT reasoning. Under the CoT setting,
reasoning chains are incorporated into the primary predic-
tions, allowing the ensemble model to consider more complex
decision-making processes.

V. ANALYSIS AND DISCUSSIONS

The classification accuracies achieved by various models
are presented in Table II. It is important to highlight that in
the main experiments, we carefully select machine learning
models with embeddings generated by DINOv2, evaluate deep
learning architectures (in Deep Learning Models Comparison),
and choose the models that demonstrate the best performance
on the validation set within their families. For species-level
predictions using LLMs, we employ the Name-Listed setting,
which results in higher accuracy (further discussed in LLMs’
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TABLE II
ACCURACY TABLE

Method
Species Medium Group
ACC ACC ACC

KNN 43.85 84.62 98.46

SVM 64.62 90.00 100.00

VGG-11 w/ BN 60.77 86.15 93.85

ResNet-50 60.00 86.15 98.46

CLIP 36.15 70.00 86.92

0s
LLaVA-7B 10.77 76.92 77.69

LLaVA-34B 13.85 72.31 80.00

GPT-4o 55.38 87.69 99.23

Gemini-1.5 Pro 52.31 91.54 100.00

0s-CoT
LLaVA-7B 13.85 70.77 84.62

LLaVA-34B 15.38 68.46 83.85

GPT-4o 52.31 90.00 100.00

Gemini-1.5 Pro 48.46 91.54 98.46

Species Level Settings). The best results among the models are
highlighted in bold.

A. Main Results Analysis

SVM performs better than KNN and fine-tuned neural net-
works across all three levels. Its accuracy is 64.62%, 90.00%,
and 100.00% at species-level, medium-level, and group-level
classifications. CLIP achieves an accuracy of 36.15%, 70.00%,
and 86.92% in three levels, respectively.

For the LLaVA models, we use the 7B and 34B versions
with 4-bit quantization. The model temperature is set to 0 to
improve the determinism of the output. Both models exhibit
relatively poor performance in the zero-shot setting, achieving
accuracies of 10.77% and 13.85%, respectively, at the species
level. In the zero-shot CoT classification, both models show
accuracy improvements at the species and group levels but
experience a decline at the medium level. Although the 34B
model contains more parameters than the 7B model, no sig-
nificant performance differences are observed between them.
Overall, the LLaVA models consistently rank the lowest in
classification accuracy compared to all other models, primarily
due to insufficient training at the species level.

On the LLM side, surprisingly, we find that at the species
level, both GPT-4o and Gemini-1.5 Pro experience a decrease
in performance when using CoT, with their accuracy falling
short of SVM, VGG, and ResNet, all of which achieve over
60.00%. At the medium level, Gemini achieves an accuracy
of 91.54% either with or without CoT, which is higher than
GPT’s performance in the same setting — 87.69% without
CoT and 90.00% with CoT. Therefore, at this level, Gemini
demonstrates superior classification capability compared to
all other models, and GPT also achieves accuracy equivalent
to the best-performing traditional solution (SVM) by using

the CoT method. At the group level, both GPT and Gemini
outperform all previous approaches except SVM, regardless of
whether CoT is used.

In conclusion, SVM, VGG, and ResNet achieve higher
accuracy scores at the species level than LLMs. This is partly
because SVM undergoes training while VGG and ResNet
undergo fine-tuning before deployment, allowing them to learn
directly from the training set and optimize their performance.
Additionally, LLMs’ predictions often show a bias toward
more common species. This bias stems from the knowledge
encoded in the LLMs’ structures and weights, which can
be distorted by the frequency of species in the pre-training
data. Since LLMs are typically pre-trained on vast, diverse
multimodal datasets, the prevalence of certain species sig-
nificantly influences the models’ knowledge. Consequently,
in zero-shot settings where LLMs rely heavily on their pre-
trained knowledge, this bias can skew predictions, favoring
species that appear more frequently in the training data.

TABLE III
VALIDATION ACCURACY OF DEEP LEARNING MODELS

Species Medium Group

ResNet34 60.76 85.38 97.69

ResNet50 64.62 88.46 99.23

ResNet101 60.00 86.92 94.62

ResNet152 63.08 89.23 98.46

VGG11 52.30 84.62 95.38

VGG11 w/ BN 53.07 83.85 96.92

VGG13 52.30 88.46 96.15

VGG13 w/ BN 53.07 84.62 96.92

B. Deep Learning Models Comparison

To identify the best-performing deep learning models, we
compare the performance of various variants within the VGG
and ResNet families on the validation set. The results are
presented in Table III.

ResNet: Among the variants, ResNet50 achieves the highest
validation accuracy at the species level (64.62%) and the group
level (99.23%), while ResNet152 excels at the medium level
with an accuracy of 89.23%. However, there is a noticeable
drop in species-level performance for the other two ResNet
variants, indicating the challenges in distinguishing closely
related species.

VGG: The VGG architectures exhibit varied performance
across our classification tasks. VGG11 with batch normaliza-
tion (BN) achieves the highest accuracy at the species level
(53.07%) and the group level (96.92%). In contrast, VGG13
without batch normalization delivers the best accuracy for the
medium level (88.46%), significantly higher than the other
variants. This suggests that the impact of batch normalization
may vary depending on the specific architecture and task,
while it substantially improves performance on this task with
moderate complexity.
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The results reveal that ResNet and VGG architectures each
have distinct strengths depending on the classification level.
After comprehensively evaluating the performance of these
neural networks on the validation set across all levels, we
finally select VGG-11 with BN and ResNet-50 as our baseline
models for the main experiments.

C. LLMs’ Species Level Settings

In Table IV, we list the accuracy of four LLMs using Open-
Ended and Name-Listed prompts.

It can be observed that accuracy in the name-listed setting
is consistently higher than in the open-ended setting across all
models. When the model is provided with possible labels, it
no longer needs to generate the species name from scratch or
consider a vast range of potential species. Instead, it selects
the most likely label from a predefined set, which reduces
the cognitive load and leads to more accurate predictions. By
focusing on known labels, the model can more effectively
compare the input image, resulting in a better performance
than when it must explore all possible outputs.

Based on this finding, the main experiments exclusively con-
sider the name-listed setting when using LLMs for predictions.

TABLE IV
OPEN-ENDED VS. NAME-LISTED SETTINGS

LLaVA-7B LLaVA-34B GPT-4o Gemini-1.5 Pro

0s
Open-Ended 3.08 2.31 33.08 43.08

Name-Listed 10.77 13.85 55.38 52.31

0s-CoT
Open-Ended 6.15 5.38 33.85 37.69

Name-Listed 13.85 15.38 52.31 48.46

D. LLM-based MAS Evaluation

Given the potential strengths of LLM-based MAS, we con-
struct a MAS as illustrated in Figure 2. The system leverages
the outcomes from three foundational LLMs: GPT-4o, Gemini-
1.5 Pro, and LLaVA-34B. The predictions from these three
agents are fed into the Critic Agent to produce the final results.

The outcome is shown in Table V. At the species level,
we observe that the MAS consistently boosts accuracy. No-
tably, under the zero-shot CoT setting, MAS reaches an
accuracy of 56.15% when GPT is used as the ensemble
model, outperforming all other LLM settings and narrowing
the gap between best-performing LLM-based approaches and
traditional counterparts (60.77% obtained by VGG). At the
medium level, Gemini with MAS achieves 92.31% accuracy,
regardless of whether CoT is used, which surpasses all non-
MAS LLMs and traditional methods, with SVM achieving
90.00%. Additionally, there is a slight increase in accuracy
at the group level when Gemini is used with MAS under the
CoT setting. The results clearly demonstrate that the MAS
approach enhances the LLMs’ capability across different levels
of marine mammal classification.

TABLE V
PERFORMANCE COMPARISON OF MAS

Species Medium Group

W/o MAS
GPT-4o (0s) 55.38 87.69 99.23

Gemini-1.5 Pro(0s) 52.31 91.54 100.00

GPT-4o (0s-CoT) 52.31 90.00 100.00

Gemini-1.5 Pro (0s-CoT) 48.46 91.54 98.46

W/ MAS
GPT-4o(0s) 55.38 86.92 99.23

Gemini-1.5 Pro(0s) 54.62 92.31 100.00

GPT-4o (0s-CoT) 56.15 90.00 100.00

Gemini-1.5 Pro (0s-CoT) 50.77 92.31 99.23

VI. CONCLUSION

This paper introduces a specialized marine mammal dataset
and conducts a comprehensive evaluation of advanced AI tech-
niques for marine mammal identification and classification.
The outcomes show that traditional models such as KNN and
SVM, coupled with pre-trained DINOv2 embeddings, excel
at fine-grained species-level classification, while LLMs such
as GPT-4o and Gemini-1.5 Pro perform well at the medium
and group levels. It is important to note that neither traditional
models nor LLMs are trained on our dataset. Moreover, the
LLM-based MAS further boosts the accuracy compared to a
single LLM.

Our results highlight the importance of specialized datasets
in advancing AI-driven conservation research. The dataset
introduced in this study not only fills a critical gap in marine
mammal research but also lays a solid foundation for future
developments in AI and conservation efforts. As LLMs con-
tinue to evolve, their applications in environmental sciences
are expected to enhance our understanding and conservation
of marine biodiversity. Future work could explore improving
LLMs for species-level tasks, developing more sophisticated
multi-agent solutions, and expanding multimodal datasets to
further enhance AI capabilities.
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