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Zhonggi Miao Abstract

Email: zhonggimiao@microsoft.com 1. The integration of artificial intelligence (Al) into biodiversity research and conser-

Handling Editor: Nicolas Lecomte vation is growing rapidly, demonstrating great potential in reducing the intensive
human labour required for data preprocessing, thereby, facilitating larger data col-
lections that offer ecological insights at unprecedented scales. However, most of
these Al applications for biodiversity are still in the early stages of development,
hindered by challenges inherent in real-world datasets and the limited accessibility
of these technologies to practitioners without extensive programming knowledge.

2. The recent advent of multimodal language models, which can process and gener-
ate multiple data modalities, has significantly expanded the realm of possible Al
applications in biodiversity research. These models have demonstrated the ability
to classify species and recognize more complex concepts, such as animal postures
and orientations, without prior exposure during training. Multimodal language
models can also provide explanations for their predictions and interact with hu-
mans in natural language, thereby making them more transparent, intuitive and
accessible to non-specialists. Despite these advancements, the use of multimodal
language models for biodiversity still needs to overcome unique barriers to ap-
plication, including high computational and financial demands, reliance on prompt
engineering for consistent model performance on large datasets and insufficient
open-source sharing of state-of-the-art methods.

3. This paper explores the transformative potential of multimodal language models
for biodiversity research and discusses several possible applications in biodiver-

sity research. We also discuss challenges to implement these models in real-world
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these hurdles.

conservation.
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1 | INTRODUCTION

The field of artificial intelligence (Al) for biodiversity research and
conservation is rapidly gaining traction within the ecological and bi-
ological sciences (Kwok, 2019; Tuia et al., 2022). An increasing body
of research underscores the advantages of integrating Al techniques
into biodiversity monitoring tasks, such as wildlife observation with
automated animal recognition in both imagery/video (e.g. camera
traps and aerial photos) (Ahumada et al., 2020; Beery et al., 2019;
Kellenberger et al., 2021; Miao et al., 2021; Miao, Yu, et al., 2023)
and audio data sources (e.g. bioacoustics) (Dodhia, 2024; Kahl
et al., 2021; Rhinehart et al., 2020; Stowell et al., 2019; Zhong
et al,, 2021). These applications have demonstrated potential for re-
ducing the substantial human labour traditionally required for data
processing (Miao et al., 2021; Tuia et al., 2022), thus enabling the col-
lection of more extensive datasets, providing ecological granularity
at unprecedented spatial and temporal scales (Ahumada et al., 2020).
This expansion paves the way for a more in-depth understanding of
long-term patterns, drivers and consequences of global biodiversity
changes.

While numerous efforts have been made to integrate Al into
biodiversity data workflows, the majority remain in preliminary and
proof-of-concept stages (i.e. unsuitable for practical implementation)
due to various technical and data-related challenges. For example,
model performance inconsistencies and the lack of reproducibil-
ity can be caused by serval factors such as severely imbalanced or
long-tailed data distribution (Liu et al., 2019), differences in datasets
and applications (i.e. multi-domain discrepancies) (Liu et al., 2020)
and various issues arising from the complexity of open-world data-
sets (e.g. varying data quality and novel/unseen categories) (Miao
et al., 2021). More importantly, the technical complexity of existing
algorithms can often lead to inaccessibility for practitioners with lim-
ited programming and engineering knowledge.

The recent advent of multimodal language models—mod-
els that can process and generate both textual content and other
data modalities (e.g. video and audio) (Alayrac et al., 2022; Gemini
Team Google et al., 2023; Li, Zhang, Chen, Wang, Pu, et al., 2025;
Li, Zhang, Chen, Wang, Yang, et al., 2023; Liu, Li, et al., 2023;
OpenAl, 2023a; Radford et al., 2021)—has markedly enhanced the
versatility and possibilities of Al applications (Li, Gan, Yang, Yang, Li,
et al., 2023). This advancement has garnered considerable interest

conservation scenarios and propose directions for future research to overcome

4. Our goal is to encourage robust discussions and research into the integration

of multimodal language models to advance Al for biodiversity research and

Al for biodiversity, Al for conservation, explainable Al, few-shot learning, generative Al, human
machine interaction, multimodal language models, zero-shot learning

across disciplines—including the biodiversity and conservation com-
munity—as it overcomes many challenges that inhibit Al deployment
into real-world applications. For instance, an off-the-shelf multi-
modal language model like GPT-4V (OpenAl, 2023a) can recognize
animals without having seen them during training by, for example,
using textual descriptions to infer their visual features (i.e. zero-
shot transfer, Radford et al., 2021). Some models can even achieve
supervised learning performance under zero-shot setting (Alayrac
et al., 2022; Miao, Elizalde, et al., 2025). This holds promise for im-
proving model robustness to variations in geographical location
of the open dataset collection and distribution of species. Our ex-
periments in this paper have also demonstrated GPT-4v's ability
to distinguish more complex concepts, such as animal orientations
and postures, without dedicated model fine-tuning on these tasks.
Additionally, because multimodal language models closely integrate
natural language processing with other data modalities (e.g. image
and audio), these models can provide direct explanations for their
predictions in natural language, enabling better explainable Al and
allowing practitioners to better understand why and how these
models make predictions. All of these capabilities are guided by
human language inputs (i.e. text prompts). In other words, most in-
teractions between humans and multimodal language models now
become natural language-based, eliminating the need for complex
computer programming procedures. This can significantly improve
the accessibility of Al techniques for practitioners with limited engi-
neering and programming experience.

Despite the promise of multimodal language models, their
application faces unique challenges compared to traditional Al
techniques. These include a significantly higher demand for com-
putational and financial resources (Alayrac et al., 2022), a strong
reliance on developing the correct text prompts (i.e. prompt en-
gineering) for model performance (Zhou et al., 2022a, 2022b),
limited open-source sharing of advanced multimodal language
model methods (Alayrac et al., 2022; OpenAl et al., 2023; Radford
et al.,, 2021) and a series of systematic failures of these meth-
ods (Thrush et al., 2022; Tong et al., 2023; Tong et al., 2024,
Yuksekgonul et al., 2022), such as failing to differentiate sentences
with quantifiers and numbers. Therefore, in this paper, we aim to
explore the transformative impact multimodal language models
can have on the future of biodiversity research and conservation
and fully discuss the challenges of such novel techniques within
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FIGURE 1 |lllustration of multimodal generative models. In multimodal generative models, the encoders focus on constructing a shared
feature space, aligning features from various input modalities such as images, audio, text and other modalities. Then the decoders utilize
this shared feature space to generate any output modalities from any input modalities of data, such as creating images from a language

description and vice versa.

these contexts. We begin with a general overview of the mech-
anisms of multimodal language models (Section 2) and explore
how these mechanisms engender new applications of multimodal
language techniques in biodiversity research and conservation
(Sections 3 and 4). Then, we discuss the challenges and limitations
we have identified for successfully implementing multimodal lan-
guage models in real-world scenarios and propose potential future
research directions to overcome these challenges (Section 5). Our
objective is to foster robust discussion and research into the sus-
tainable and equitable integration of multimodal language models,
which could significantly advance the field of Al for biodiversity
understanding and conservation.

2 | MULTIMODAL LANGUAGE MODELS
2.1 | Multimodal generative models

The exploration of multimodal models has gained considerable at-
tention in recent years, especially for the line of work on multi-
modal generative models like GPT-4v (OpenAl, 2023a) and Stable
Diffusion (Rombach et al., 2022). This is largely due to their unique
capability to simultaneously process and generate any mixture
of output modalities (i.e. data types) (Sun et al., 2023; Wu, Fei,
et al., 2024; Yu et al., 2023) from various combinations of input
modalities. For instance, just as the popular Stable Diffusion
model (Rombach et al., 2022) can generate images from textual
inputs, models like Flamingo (Alayrac et al., 2022) or GPT-4v
(OpenAl, 2023a) can directly generate the textual output ‘This is
a flamingo’ when presented with a picture of a flamingo bird and
a corresponding natural language question (i.e. text prompt), such
as ‘What is this animal?’ This capability relaxed the need for cat-
egories predefined or post-defined by humans as the model does
not know what categories to focus on before inference; rather,
it generates the predictions like the sentence ‘This is a flamingo’

directly, which increases the flexibility of the models for different
use cases.

A multimodal generative models usually consists two major
components: a multimodal encoder and a multimodal decoder
(Figure 1). The encoder is responsible for encoding the input data
into a shared feature (i.e. embedding space), where feature repre-
sentations from semantically related data (e.g. images and audio
clips from the same animal species) are aligned irrespective of
their modalities. The decoder, on the other hand, generates output
data in all sorts of modalities from the shared feature space. The
training of multimodal generative models is usually based on large-
scale datasets with paired data from different modalities, such as
image-text pairs (Alayrac et al., 2022) and video-text pairs (Wu,
Fei, et al., 2024).

2.2 | Multimodal language models

Among the many combinations of multiple modalities (Li
etal., 2021; Lv et al., 2021; Stafylakis & Tzimiropoulos, 2017), mul-
timodal language models have emerged as one of the most widely
and actively researched areas in the field of multimodal models,
spurred by advancements in single-modality large language models
(LLMs) (OpenAl et al., 2023; Touvron, Lavril, et al., 2023; Touvron,
Martin, et al., 2023). For example, Vision-Language Models
(VLMs) are multimodal models between vision and language mo-
dalities (Radford et al., 2021). The learning process of multimodal
language models typically follows a contrastive learning protocol
(Radford et al., 2021), which aims to maximize similarities between
features of language concepts and features of perceptual data (i.e.
feature alignment). Language concepts are pre-tokenized in the
language encoders of the models (Vaswani et al., 2017)—breaking
down text into smaller units called tokens, which can be words,
subwords, characters or other meaningful segments—which are
analogous to predefined labels or categories in conventional
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categorical machine learning, but the scale of language tokens and
their possible combinations is significantly larger. In other words,
multimodal language models can be thought of as an extension
of conventional categorical machine learning models, by align-
ing data (e.g. images and audio) to a vast array of words and lan-
guage concepts (Li, Zhang, Chen, Wang, Yang, et al., 2023; Liu, Li,
et al., 2023; Radford et al., 2021), instead of to a limited number
of categories during training. To achieve this feature alignment,
most multimodal language models utilize large-scale online data-
sets comprising perception-to-language pairs, such as image-to-
language (Radford et al., 2021) or audio-to-language pairs (Elizalde
et al.,, 2022). This pairing format ensures that each perceptual
input is associated with unique language descriptions, providing
comprehensive perception-to-language alignment. Figure 2b pro-
vides an example of how such image-to-language pairs may appear
in the context of wildlife imagery.

Additionally, as the language concept features learned by LLMs
usually encode extensive descriptive attributes and semantic rela-
tionships between words, the aligned perceptual features inherit
these semantic relationships (Radford et al., 2021). This enables
the recognition and prediction of subtle similarities and differ-
ences between complex concepts, such as implicit metaconcepts
like animal families, shapes, orientations and postures (detailed
in Section 3). For example, VLMs can position the features of a
Koala and an Antechinus closer in the shared vision-language fea-
ture space, even before generalization based on visual similarities
(Figure 2). This is because both words are implicitly connected to
the meta-concept Marsupial in the language model, which typically
lacks a strong semantic connection to the word Mouse. These se-
mantic relationships, inherently encoded in VLMs through LLMs
trained on large-scale online textual resources such as Wikipedia
and Visipedia (Perona, 2010), serve as a form of supervision to
regulate the shared feature space, provided these relationships
are covered by the language resources (see Section 5.2 on how
language sources can also limit model performance). Therefore,
such supervision further enhances the semantic relevance be-

tween categories or animals.

3 | MULTIMODAL LANGUAGE MODELS
AND ZERO-SHOT RECOGNITION

The feature alignment between data and vast amount of language
concepts and semantics of multimodal language models introduces
a considerable degree of flexibility to various Al tasks (Alayrac
etal., 2022; Brown et al., 2020; Li et al., 2022; Misra et al., 2017; Wu,
Fei, et al., 2024). Among these tasks, the capability to conduct zero-
shot recognition—recognition of categories and concepts without
specifically training on them—is particularly noteworthy.

Zero-shot recognition with multimodal language models—usu-
ally referred to as Zero-shot transfer (Radford et al., 2021) to differ-
entiate from traditional zero-shot learning—depends largely on the
alignment between perceptual information (e.g. visual features) and

natural languages. It operates during inference by inferring visual
features (or any other modality) from textual descriptions. For ex-
ample, as shown in Figure 3, GPT-4v is able to associate visible mor-
phological characteristics of animals with their textual descriptions
(i.e. vision-language alignment), which can be used to differentiate
similar-looking animals without dedicated training or fine-tuning on
the task.

Figure 4a also shows an example of how VLMs work in zero-shot
categorical recognition without another image to compare to. The
language prompts included a context section where the VLM was
instructed to emulate a professional microbiologist with experience
in microscopic fungi identification. The model was then asked to de-
scribe the morphological characteristics from the input microscopy
image. Subsequently, we prompted the model to generate a cate-
gorical prediction based on the visual descriptions. In our test, the
model not only provided precise descriptions of the visual traits but
also successfully classified the genus of the microscopic fungi.

These examples demonstrate not only the recognition potential
of multimodal language models, but their generative capability to
provide natural language explanations for a better interpretation of
the results. This generative capability is further utilized in studies
like (Fabian et al., 2023) to conduct zero-shot animal recognition
without the need for human text inputs by matching generated de-
scriptions of animal appearances from input images with online re-
sources such as Wikipedia.

The alignment of perceptual features with language features and
the flexibility of language features can further facilitate unprece-
dented zero-shot tasks, such as open-vocabulary segmentation and
detection (Figure 4b) (Liang et al., 2023; Wu, Zhu, et al., 2023), a
technique that allows a model to detect and segment objects in im-
ages or scenes using a flexible vocabulary that is not limited to a
fixed set of categories. In addition, recognition tasks that go beyond
rigid categorical recognition are also made possible because natural
language is not confined to categorical concepts. Figure 4cillustrates
the potential of VLMs in recognizing animal orientations, even when
the animal is in a relatively complex posture, such as lying on the
ground. This capability could be highly beneficial for downstream
tasks such as animal re-identification (re-id) (Jiao et al., 2024), which
heavily depends on accurately matching animal body markings to
the correct sides of animals. More importantly, all these different
language-based tasks can be realized with a single multimodal lan-
guage model (GPT-4v in this case), instead of using independent
models for each task as in traditional machine learning. Managing
multiple models can become increasingly complex as their numbers
grow and unrealistic to prepare sufficient training data for each one.
In contrast, a unified model can leverage shared knowledge across
tasks, potentially leading to improved performance. (Li, Zhang, Chen,
Wang, Pu, et al., 2025).

However, as shown in both Figures 3 and 4, zero-shot recognition
can heavily rely on text prompts and human inputs. In Sections 5.1
and 5.3, we discuss these limitations of the reliance on prompt in-
puts and other systematic failures that might occur in the applica-
tions of multimodal language models in detail.
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FIGURE 2 lllustration of categorical supervised learning (a) and multimodal language models (b). The training of multimodal language
models is aimed at aligning other input modalities with the features of a vast array of language instead of to a relatively smaller number

of categories. In addition, semantic relationships are naturally encoded and expressed in the shared feature space of multimodal language
models. For instance, even though Koala and Antechinus look distinctly different from each other, these images can still have connections to
each other because Koala and Antechinus are both Marsupials, and these two words have direct connections in the language feature space.
Through the feature alignment process, the image feature structure will also follow the corresponding language feature structure. All images

of animals are from iNaturalist (Van Horn et al., 2018).

4 | OTHER TASKS MADE POSSIBLE BY
MULTIMODAL LANGUAGE MODELS

Beyond zero-shot recognition, multimodal language models also en-
able a range of application tasks that are relatively challenging for
conventional machine learning techniques. In this section, we list
some examples that have been made possible by the potential and
flexibility of multimodal language models.

41 | Learning from very few samples

One of the tasks that multimodal language models have demon-
strated particular success in is few shot learning—learning from very
few (e.g. five or ten) training samples. This success is attributed to
the surprising ability of LLMs to adapt to new tasks with high perfor-
mance from few examples without extensive training or model fine-

tuning (Tsimpoukelli et al., 2021). As presented in Flamingo (Alayrac
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Context |

Assume you are not familiar with animals.

Input #3

Species 1 have black and white stripes throughout the body and
yellow crowns.

Species 2 have a "ladder-like" black and white pattern in its back,
and it has a red patch on their crowns.

Species 3 also some red on their crowns but covers a much smaller
area on their head. They have white spots on their black wings.

Simply by looking at the animal visible features and using the
descriptions provided, which animal in the uploaded three
images is a Species 1, Species 2, and Species 3? And explain
why.

A
Predictions |

Based on the provided descriptions and the visible features in the
images:

The first image shows a bird with:

= White spots on its black wings.

* A small red patch on its crown.

* This matches the description of Species 3, which has white
spots on black wings and a small red patch on the crown.

The second image shows a bird with:

 Black and white stripes throughout its body.

* A yellow crown.

» This matches the description of Species 1, which has black and
white stripes throughout the body and a yellow crown.

The third image shows a bird with:
* A "ladder-like" black and white pattern on its back.

» A red patch on its crown.

« This matches the description of Species 2, which has a ladder-
like black and white pattern on its back and a red patch on the
crown.

Conclusion:

« Firstimage: Species 3, because it has white spots on black
wings and a small red patch on the crown.

» Second image: Species 1, because it has black and white
stripes and a yellow crown.

« Third image: Species 2, because it has a ladder-like black and
white pattern and a red patch on the crown.
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1
i
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'

s 2
Prompts | Prompts |
There are three animal species, Species 1, Species 2, and Species There are three animal species, Species 1, Sp 2, and Sp
3. 3.

Species 1 tend to have larger, more circular spots on their body with
a dot in the center of these circular spots and have a stockier body
shape.

Species 2 have an overall greyer body color, a white belly, and no
central spots in the rosettes on their body.

Species 3 have smaller, more densely packed rosettes on their body
without central spots.

Simply by looking at the animal visible features and using the
descriptions provided, which animal in the uploaded three
images is a Species 1, Species 2, and Species 3? And explain
why.

L
Predictions |

Based on the provided descriptions and the visible features in the
images:

The first image shows an animal with:

< Larger, more circular spots with a dot in the center.
A stockier body shape.

* This matches the description of Species 1.

The second image shows an animal with:
« Smaller, more densely packed rosettes without central spots.
« This matches the description of Species 3.

The third image shows an animal with:
« A greyer body color.

« A white belly.
* No central spots in the rosettes.
« This matches the description of Species 2.

Conclusion:

« Firstimage: Species 1, because it has large circular spots
with a central dot and a stockier body.

« Second image: Species 3, because it has smaller, more
densely packed rosettes without a central dot.

« Third image: Species 2, because it has a greyer body, a white
belly, and no central spots in the rosettes.

FIGURE 3 Vision-Language Models understand morphological characteristics. We use GPT-4v to differentiate between two sets of
animals by providing morphological descriptions to the model with a contextual prompt, ‘Assume you are not familiar with animals’. We have
also intentionally masked the animal names with Species 1, 2 and 3 to avoid potential model biases with animal species names. The model
not only correctly differentiates these similar-looking animals based on the provided descriptions—implying its understanding of animal
morphological characteristics—but also provides some reasoning for its predictions. All red text in (a, b) are real results generated by GPT-4v
with the input prompts. All images are from the iNaturalist dataset (Van Horn et al., 2018).
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et al., 2022), simply giving their model as few as four task-specific
examples, the model is able to produce comparable if not superior
performance than methods fine-tuned on thousands of examples
from the same categories (as is shown in Alayrac et al., 2022). Few-
shot learning is a task that is relevant to many Al for biodiversity
and conservation application scenarios, such as endangered species
monitoring (Sherman et al., 2020), where such tasks typically involve
target categories/animals with limited available data. The advance-
ment of few-shot learning with multimodal language models has the
potential to improve the practical feasibility of these applications,
but it has yet to be studied and examined in real-world.

4.2 | Generalization across varied data
distributions and domains

Data distribution variation poses a major challenge in real-world
applications of Al for biodiversity and conservation, particularly in
animal recognition (Miao et al., 2021; Tuia et al., 2022). For example,
models trained with conventional categorical supervised learning
methods may not generalize well across different sites—even for the
same animal species—due to regional variations in different environ-
ments, backgrounds, seasons, animal appearances (e.g. trait varia-
tion among subspecies) and setups of data collection devices (Miao
et al., 2019; Miao et al., 2021). These differences in datasets are re-
ferred to as domain discrepancies (Kay et al., 2024).

Multimodal language models, on the other hand, often have a
higher capacity for generalization across various data distribution/
domains, primarily due to the alignment/similarity-based mecha-
nism between perceptual and language concepts and the scale of
training data. As mentioned in Section 2, the shared feature space
of multimodal language models is based on how similar the input
objects/concepts are to the existing language features in the feature
space. This process does not need to be as precise as conventional
categorical classification. In other words, any objects that look like
a bird can be associated to the language concept ‘bird’, regardless
of what environment these objects are in, thus generalizing across
different data domains (Huh et al., 2024). Moreover, as most multi-
modal language models are trained on an extensive scale of generic
online data—often magnitudes larger than the scale of training data
for conventional, task-specific machine learning models—the feature
space of these models is often robust enough to cover large vari-
ations of data as well (Radford et al., 2021). For example, in Miao,
Elizalde, et al. (2025), the authors have demonstrated that the same
audio-language model—trained on 2.1 million audio-text pairs from
general purpose acoustic data—can generalize across eight differ-
ent bioacoustics datasets (i.e. eight different data distributions that
have substantially different sound attributes and qualities than the
training data) recognizing the animal sounds from different datasets
without dedicated model fine-tuning and still achieve supervised
level performance. Despite the potential, the domain generalization
capability of current multimodal language models is still limited by
the scale of domain discrepancies—scale of differences between

datasets collected from different domains (Li et al., 2024; Trinh
et al., 2024). When the discrepancy is too large (e.g. the differences
between general online imagery and real-world wildlife camera trap
imagery), performance may be impaired. In Sections 5.2, 5.4, and
5.5, we review these limitations in detail.

4.3 | Enhanced model interpretability (explainable
Al)

While traditional models function as ‘black boxes’, where research-
ers are unable to trace what features and mechanisms the models
are using to make predictions, multimodal language models provide
an unprecedented level of interpretability by the direct alignment
between perceptual and language features in the shared feature
space. Features extracted by conventional deep learning models are
typically notinterpretable by humans and therefore practitioners are
often reluctant to trust the predictions obtained from such models,
irrespective of the performance (Miao et al., 2019). In contrast, the
shared perceptual-language feature space of multimodal models can
provide venues for interpreting outputs directly in natural language
and ultimately lead to a degree of insight into the inner workings of
the model. For example, Figure 3 shows a model providing explana-
tions on why it makes its classifications based on the input images
and human text prompts. Similarly, the predictions in Figure 4a also
provide reasoning about why the model thinks the input image is
a Aspergillus species. In Figure 4c, the model even provides addi-
tional information on why it predicts the cheetah's left side is facing
the camera, even though this is not a conventional recognition task.
These insights can substantially increase the interpretability and ex-
plainability of Al techniques for practitioners.

Moreover, interpretability offers the added benefit of facilitating
a better understanding of failure cases. In traditional categorical su-
pervised learning with discrete class labels, prediction accuracy and
similar metrics are the sole indicators used to evaluate model perfor-
mance; this makes it challenging to anticipate the scenarios in which
the model may fail. However, with natural language-based model
interpretability, especially when the model explanations are wrong
and irrelevant to input data, we can gain a clearer understanding of
why models fail in certain cases—be it due to algorithmic failure or
poor data quality (see Section 5.1; Figure 6 for more details).

4.4 | Learning with context

Multimodal language models have facilitated rapid progress
in the field of compositional zero-shot learning (CZSL) (Misra
et al., 2017)—a task that generalizes Al models to unseen composi-
tions of perceptual attributes such as visual features/objects. For in-
stance, CZSL models may be able to identify a lying dog after seeing a
lying horse and a dog (Bao et al., 2023). CZSL can be further general-
ized to an area called in-context learning. In-context learning (Brown

et al., 2020; Radford et al., 2019), originally introduced for language
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(a) Zero-shot categorical recognition

Input Context ( Description Prompts ] Morphological description]

4 You are a professional Your task is to do the 1.Hyphae:
‘ microbiologist with ‘ morphological description of ‘ 1. The fungal mycelium consists of septate hyphae,
experience on fungal the specimen in the image. which appear thin, branched, and transparent to
* (o) ! identification. Consider all the variables in slightly bluish due to staining.
_——“—-’ the identification keys that 2. The hyphae are intertwined and appear relatively
‘ are visible on the image. uniform in width.

2.Conidiophores:
1. The image displays erect conidiophores with
swollen vesicles at their tips.
2. The vesicles give rise to radiating conidial chains,
forming a characteristic "dandelion" or "radiate"
conidial head.

[ Recognition Prompts ] Prediction 3.Conidia:

. e » Possible | ification: 1. The conidia are arranged in chains, forming dense
Based on the identified keys, ossible Identification: e e

(I SESE B DR S TR Uit :‘fdmte <.=oln|d|al [0CEE, 2. These structures are round to slightly ovoid and
:woh sk ?s, fn:' SERLELS appear blue due to staining.
vP ae. ERpIEla 3. Their arrangement suggests they arise from
Aspergillus spp.

phialides, which are covering the vesicle.

¢ Species confirmation would
require additional macroscopic
colony examination, conidial
texture observation (smooth or
rough), and possibly molecular
analysis.

(b) Zero-shot open-vocabulary segmentation

(Frompts |

Find me Koala and Tree
branch in this image.

(c) Zero-shot orientation recognition

Prompts Prediction

Which side of the animal . The cheetah in the image is lying on its side, with its
Is facing the camera? left side facing the camera. You can tell by the way
its fur pattern curves over the body and how the legs
are positioned, with the left front leg extended
forward.

FIGURE 4 Zero-shot task examples with Vision-Language Models. (a) In mycology, mycologists typically utilize identification keys (i.e.

a series of macroscopic and microscopic morphological descriptions formatted as dichotomous keys) to systematically conduct taxonomic
classification (To-Anun et al., 2011). Multimodal language models can mimic these attribute-based classification processes and conduct
zero-shot recognition without having previously seen such species (Menon & Vondrick, 2023). The recognition can be based on online
information, such as that from Wikipedia, to which the multimodal language models have access (Fabian et al., 2023). (b) Multimodal
recognition is not limited to full image and object recognition. Open-vocabulary segmentation and detection are direct extensions of the
recognition capabilities of multimodal language models (Liang et al., 2023), in which categories are not predefined, and the number of
categories is not fixed. Such methods can be further utilized for tasks such as zero-shot foreground/background separation in wildlife
image datasets. (c) Moreover, recognition using multimodal language models can go beyond rigid categorical identification to more flexible
recognition tasks, such as orientation recognition. Animal orientation can be complex, varying with animal postures (e.g. lying down or
standing); therefore, this requires the recognition to be flexible as well. However, conventional categorical supervised models struggle with
such tasks because they rely on predefined, rigid categories, leaving no room for nuance between these categories (e.g. direction between
left and front). All red text in (a-c) are real results generated by GPT-4v with the input prompts. The Aspergillus image is provided by Andrea
Katherine Alvarez Osorio from Universidad De Los Andes, Colombia. The Koala and Cheetah images are from the iNaturalist dataset (Van
Horn et al., 2018).

tasks, is a technique for adapting a pre-trained model to novel and the input in order to guide the model to the appropriate context, like
unseen tasks such as focusing on additional background information the context prompts in Figures 3 and 4a.

of an animal, even when it was not initially trained to do so. Such The interaction of in-context learning can also include exter-
adaptation is realized by simply adding a few contextual examples to nal information, such as determining whether a visible animal is an
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invasive species in a certain region to enhance the human-machine
interaction (Figure 5). This service is made possible through the link-
age of comprehensive internet knowledge sources with multimodal
models like ChatGPT (OpenAl, 2023b) and Google Gemini (Gemini
Team Google et al., 2023).

Of particular note is that this in-context learning process

usually does not necessitate supplementary parameter updates

or model fine-tuning, as long as the requisite contextual knowl-
edge is either pre-encoded or can be extracted from an exter-
nal knowledge base, such as readily accessible online materials
like Wikipedia. In Sections 5.5 and 5.6, we discuss the require-
ments and challenges achieving a practical state of multimodal
language model for biodiversity research and conservation in
detail.

4 )
In-Context Learning and Al Assistant
Human: What animal is visible in the image?
AI: It appears to be a cat-looking animal in the ﬂg
image. 8
Human: If I say this is a Guina, what
animal species is visible in the first
image?
AI: The image shows a Leopardus species: a margay
or a southern tiger cat. I need more information
to identify the species. tﬁ%
Human: The photo is from the Amazon rainforest in
Colombia.
AI: The animal in the photo is a margay (Leopardus
wiedii) . fgz
Human: Is the species in the image invasive in
the Amazonia region in Colombia?
AI: The animal in the image is a Leopardus wiedii,
or margay. It is native to the tropical rainforests ﬂ&
of Colombia. g
Human: What harmful activities threaten the species
in the image?
AI: The margay is threatened by deforestation and G
poaching. s
- J

FIGURE 5 A conceptual example of how we envision an Al assistant might behave in the context of Al for biodiversity and conservation.
Multimodal language models have the ability to adapt to specific domains, providing diverse outputs based on the user-provided context
through in-context learning. This process is not confined to contexts directly related to input samples and can be extended to various other
scenarios. For example, it is possible for a multimodal model to offer external information, such as determining ‘if the visible animal is an
invasive species in a certain region’ for an Al assistant service. This service is made possible through the linkage of comprehensive internet
knowledge sources with multimodal models like ChatGPT (OpenAl, 2023b), Microsoft Copilot and Google Gemini (Gemini Team Google

et al., 2023). The Margay image is provided the Department of Biological Sciences at Universidad De Los Andes, Colombia. The Guina image

is from the iNaturalist dataset (Van Horn et al., 2018).
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4.5 | Natural language interaction

Since the advancement of multimodal language models (Gemini
Team Google, 2024; OpenAl, 2023b), the interaction between hu-
mans and machines has become a prominent topic, especially in
applied fields where practitioners often lack an engineering and
computer programming background. With the language interface,
practitioners and researchers do not need to go through program-
ming and engineering workflows to obtain model predictions. All in-
teractions between humans and machines can now be based solely
on natural language, including human instruction, model prediction
and model explanations, as shown in Figures 3 and 4. Moreover, as
mentioned in Section 3, a single well-trained multimodal language
model can handle many different tasks, potentially across different
domains as well, eliminating the need for practitioners to train their
own models, project by project, which would also require an engi-
neering background.

However, none of these potential functionalities have been real-
ized yet, and preliminary research in.

Al assistants has begun to focus on building powerful Al chat-
bots capable of fluently responding to human instructions and con-
texts with multimodalities to further enhance the usability based
on natural language interactions (Gemini Team Google, 2024;
OpenAl, 2023a). These studies aim to extend the capabilities of
Al models to a broader range of tasks such as problem-solving and
reasoning (Chen et al., 2021), complex image and video question
answering (Mangalam et al., 2024; Yue et al., 2024) and translation
(Wang et al., 2020).

Figure 5 is a conceptual example of how we envision an Al assis-
tant might behave in the context of Al for biodiversity and conserva-
tion, illustrating how machines may gradually become more adaptive

to users' needs through human-machine interactions.

5 | CHALLENGES AND DEVELOPMENTAL
DIRECTIONS

Despite the flexibility and potential for new tasks enabled by
multimodal language models, several limitations still exist that
prevent their practical deployment and application in real-world
conservation scenarios. In this section, we list some of the criti-
cal challenges and potential development directions for the use
of multimodal language models for biodiversity monitoring and

conservation.

5.1 | Prompt engineering and consistent model
performance

A distinct challenge inherent in multimodal language models lies
in the need for manual prompt engineering—manual refinement
of input text prompts to generate optimal predictions—for con-
sistent model performance on certain downstream tasks, such as

large-scale categorical recognition and captioning data with lan-
guage descriptions, where we cannot prompt the models sample
by sample for optimal performance (Zhou et al., 2022a, 2022b). The
choice of text prompts can significantly impact the generated out-
comes (Zhou et al., 2022b); some prompts may enhance the perfor-
mance in target tasks like in-context learning (Zhang et al., 2024b)
(Section 4.4), while others could potentially derail task performance
entirely (Figure 6). At present, manual prompt engineering is con-
sidered the most reliable technique for producing high-quality text
prompts (i.e. text prompts that produce high-quality predictions)
(Zhou, Sun, et al., 2024). For example, as shown in Figure 6, there is
no effective way to prevent the model from generating the idea of
a ‘crab-like animal’ from the rat image without manually tuning the
input text prompt. Such requirement may result in added costs in
terms of human labour and time for animal recognition using multi-
modal language models. Currently, the practical applicability of this
technique is therefore limited in real-world applications due to the
lack of clear guidelines on generating high-quality prompts for opti-
mal results, context by context.

A number of approaches have sought to circumvent the need for
manual prompts in categorical recognition tasks by utilizing captions
and descriptions of input samples generated by language models
(Fabian etal., 2023; Kim et al., 2023; Menon & Vondrick, 2023; Parkhi
et al., 2012; Roth et al., 2023; Yan et al., 2023; Yang et al., 2023).
For example, in (Fabian et al., 2023), they use a VLM to generate
text descriptions of visible features of animals in camera trap im-
ages. These descriptions are then matched with species descriptions
sourced from online databases to classify the animals. This recogni-
tion process operates without the need for active manual prompt
engineering for every input image. On the other hand, these meth-
ods usually carry their own sets of limitations, such as the depen-
dence on manually predefined visual attributes of objects (Menon
& Vondrick, 2023) or inferior recognition performance compared to
fully supervised models (Fabian et al., 2023). Despite being prelimi-
nary, these methods show promise in reducing the need for manual
prompt engineering in multimodal language models. However, fur-
ther research is needed to improve the performance of these meth-
ods and make them more accessible to practitioners in biodiversity

and conservation to.

5.2 | Language and terminology bias

The languages generated or used to train existing multimodal lan-
guage models are often different from domain-specific language
and terminologies required for ecological and conservation-related
prompts. This disconnect creates an artificial domain and knowl-
edge gap between pretrained models and real-world applications.
For example, ornithologists use terms such as caruncles, tectrices
or pileum when describing the appearance of various body parts of
birds, which rarely occur in the general domain training sets of mul-
timodal language models. However, accurately understanding such
terminology and their connection to visual features in the image
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Give a very detailed visual
description of the animal in
the photo.

The image features a crab-like animal
with brown and white markings,
resembling a forest crab or a mouse. It
is moving along a forest path, near
green plants and leaves. The animal
appears to be peering around a corner,

~

)

What are the identifying
characteristics of the
animal visible in the photo?

possibly exploring its environment or
seeking shelter. The photo captures the
animal in its natural habitat,
showcasing its distinctive coloration
and behavior in a wooded, plant-filled

\setting 5 /
\

The animal in the photo is a large
rodent, likely a brown rat. Its
identifying characteristics include
long whiskers, a bluish-gray fur, and a
prominent tail. The animal is directly

)
)

Describe in detail the visible
body parts of the animal in
the photo.

visible in the photograph, walking
through a lush green forest filled with
leaves and tall plants. The rat appears
to be sniffing the ground as it moves
through the vegetation.

J

(In the image, there is a small animal,
possibly a rodent, with brown fur,
visible from the neck down. Its face is
=» not clearly visible due to the blurry
nature of the photograph. The animal
appears to be walking or standing in a

grassy area with large leaves.

FIGURE 6 Prompt engineering and model hallucination. Prompts play a key role in the performance of multimodal language models.

For example, a standard Vision-Language Model (LLaVA in this example Liu, Li, et al., 2023) produced three distinct captions for the same
image using three slightly different prompts. Interestingly, the first caption identified a ‘crab-like animal’ that did not match the actual
image content—a small rodent partially visible in the image. Unfortunately, there is no metric to evaluate the quality of prompts apart from
comparing the generated outputs. However, this manual prompt engineering method may not be scalable for real-world applications like Al
for biodiversity and conservation. (Bold texts are information that we think is relevant to describing the animals. Red texts are either wrong
or hallucinated information by the model). The rat image is provided the Department of Biological Sciences at Universidad De Los Andes,

Colombia.

can be essential in recognizing bird species. In addition, since mul-
timodal language models heavily rely on the language feature space
for alignment, their understanding of features is limited to the exist-
ing language scale. For example, if the term ‘marsupials’ is absent
from the language features, the model cannot establish a closer
relationship between features like Koala and Antechinus. In other
words, language alignment does not always reflect real biological
relationships unless explicitly defined. Besides terminology gaps,
existing multimodal language models are largely trained in English
(OpenAl, 2023a; Touvron, Lavril, et al., 2023), which may further
lead to an imbalanced language representation causing challenges to
practitioners from non-English speaking areas.

Instruction tuningis atechnique that canaddress this terminology
gap by inputting a relatively small amount of additional knowledge/
data—compared to the scale of training data—into pretrained models
for better performance on domain-specific tasks (Li et al., 2024). It
is a specific type of fine-tuning technique for language-based mod-
els that focuses on task generalization (Ouyang et al., 2022) and
helping the model better follow specific instructions, rather than
solely improving performance on the same tasks (e.g. recognition),
as in conventional transfer learning that usually fine-tunes models
for similar or related tasks (Pan & Yang, 2009). For instance, (Fabian
et al., 2023) successfully instruction-tuned a pretrained VLM to gen-
erate captions and descriptions with animal-specific terminology for
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animal imagery from sources like camera traps and manual wildlife
photographs. However, the resulting caption quality was inconsis-
tent, with some captions offering better and more detailed descrip-
tions of animals from input images while others only offered bare
minimum descriptions (e.g. ‘this is a monkey-looking animal’), primar-
ily due to the inconsistent quality of annotations used for instruction
tuning. Even though the requirement for the amount of training data
and the financial and computational cost for instruction tuning is
considered relatively low compared to training multimodal language
models from scratch or even the traditional transfer learning with
supervised approaches, the quality and variety within these annota-
tions are critical to ensuring the performance of instruction tuning
(Zhou, Liu, et al., 2023). Therefore, determining how to effectively
prepare data of sufficient quality and variety for conservation and
ecology tasks represents a promising research direction for explor-

ing instruction tuning and its applications in the field.

5.3 | Systematic failures and hallucinations

Additionally, multimodal language models can exhibit systematic
failures (Tong et al., 2023), which may greatly impact downstream
applications. Systematic failures are errors in the model prediction
triggered under specific conditions. For instance, some models may
miss negative context, that is, a negation in a description, result-
ing in near equivalent representations for the text with and with-
out negation (e.g. ‘tree without leaves’ and ‘tree with leaves’ being
represented the same way). This can potentially lead to a flawed
understanding of visual scenes. Moreover, models may fail to dis-
tinguish sentences that use quantifiers, such as some and many or
specific numbers, leading to incorrect understanding of quantities
of objects in images, such as the number of animals in a camera trap
image. Figure 7 shows a VLM model can yield totally opposite results
when the input prompts include numbers compared to when they
do not.

Uncovering and addressing systematic failures in multimodal
feature representations is an active area of research that defines the
fundamental limitations of any practical deployment of such models
(Thrush et al., 2022; Tong et al., 2023; Tong et al., 2024; Yuksekgonul
et al., 2022). When it comes to biodiversity and conservation appli-
cations, such as querying data to assess whether a dataset contains
invasive or endangered species, errors (either false positives or false
negatives) can carry associated risks to downstream tasks such as
decision and policy making. Understanding the potential pitfalls of
different methods with such systematic failures is crucial when rec-
ommending such techniques to the ecological community.

When it comes to generative tasks, including image captioning,
the algorithm can eventually cause model hallucination (e.g. models
perceive non-existent content as existing due to various algorith-
mic idiosyncrasies). Hallucinations often stem from a mismatch be-
tween different data modalities (i.e. feature confusion). For instance,
a multimodal language model might incorrectly respond with ‘yes’
to queries like ‘Is X present in this image?’ where X represents any

animal or other objects, just like the ‘crab-like animal’ the model pre-
dicts in Figure 6. Such hallucination can be detrimental to real-world
applications, especially in tasks that require high precision, such as
animal movement habitat monitoring. There is currently no effective
way to directly control hallucinations except for manual oversight.
However, indirect detection of hallucinations through prediction un-
certainty and consistency (Khan & Fu, 2024; Whitehead et al., 2022;
Zhou, Cui, et al., 2023) are being actively studied. Such methods can
usually produce quantifiable metrics on the existence hallucinations.
In the applications of biodiversity, (Fabian et al., 2023) has shown
potential of using instruction tuning methods and caption confi-
dence scores to limit the caption hallucinations; however, how sim-
ilar techniques can be effectively applied in the real world remains
to be studied.

5.4 | The cost of model tuning

Known instances where the efficacy of multimodal language mod-
els is not guaranteed—terminology gaps, systemic failures, hallu-
cinations—largely result from the models being trained on generic
internet data rather than domain specific data (Radford et al., 2021;
Schuhmann et al., 2021; Taori et al., 2023). While multimodal lan-
guage models generally are better at generalizing to different data
domains and distributions compared to conventional machine learn-
ing methods, substantial domain discrepancies (i.e. data differences
between domains) may still cause inconsistent performance and er-
rors (Li et al., 2024; Trinh et al., 2024). Given that applications of Al
in biodiversity and conservation often encompass domain-specific
tasks that may exhibit large domain differences compared to the ge-
neric internet training data (e.g. the difference between well-framed
and well-lit internet images of animals and real-world noisy, obfus-
cated wildlife camera trap imagery) and necessitate generalization
across diverse regions, time periods, sensor types and projects fo-
cusing on specific animals (Miao et al., 2021; Tuia et al., 2022), it
becomes imperative to adapt existing multimodal models to cater to
these distinctive requirements. While machine learning practition-
ers often rely on fine-tuning strategies to bridge the domain dis-
crepancies between training and real-world inference data (Liu, Son,
et al., 2023; Zhang et al., 2024a), the high cost in terms of money,
time, carbon footprint, computational resources and data volume
associated with multimodal models makes full model fine-tuning im-
practical within constrained budgets.

The substantial demand for computational resources is one of
the key constraints of training and fine-tuning multimodal language
models. For instance, the Flamingo (Alayrac et al., 2022) model used
1536 TPU chips, along with a substantial training period of 15days,
which is far beyond the scale of accessible resources for most aca-
demic and conservation groups. This requirement sometimes even
extends to model inference (i.e. using the models for predictions)
(Gemini Team Google, 2024) particularly for models that use LLMs
as their language encoders like Flamingo (Alayrac et al., 2022) and
GPT-4v (OpenAl, 2023a). For example, according to the pricing page
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(a)
Prompts |

There are two species, South American Coral Snake and Amazon
False Coral Snake.

South American Coral Snake has a body pattern consists of

in white or cream. The bands are much wider in the vertebral area,
where they almost touch, and end thinner in the dorsolateral area.

Which animal in the uploaded two images is as South American
Coral Snake and which one is an Amazon False Coral Snake?

B
Predictions |

Based on the description you provided of the South American Coral
Snake and Amazon False Coral Snake:

First Image: This snake is an Amazon False Coral Snake. This
identification is based on the pattern of orange-red dorsal
background with wide black bands edged in white or cream. These
bands are wider in the vertebral area and narrow towards the sides,
as described for the Amazon False Coral Snake.

Second Image: This snake is a South American Coral Snake. It
features the typical pattern of slightly broad red rings separated by
seven to 17 triads of three black and white rings. This distinctive
banding pattern is specific to the South American Coral Snake,
including the two black triads alternating with white rings on the tail,
which further confirms its identification.

Wrong

(b)
Prompts |

There are two species, South American Coral Snake and Amazon
False Coral Snake.

South American Coral Snake has a body pattern consists of
slightly broad red rings that are separated by triads of three black
and white rings.

Amazon False Coral Snake on the other hand presents an orange-
red dorsal background color, crossed by black bands edged in white
or cream. The bands are much wider in the vertebral area, where
they almost touch, and end thinner in the dorsolateral area.

Which animal in the uploaded two images is as South American
Coral Snake and which one is an Amazon False Coral Snake?

S 4
Predictions |

Based on the description you provided of Jaguars and African
Leopards:

First Image: The snake shown here displays a pattern with broad
red rings separated by triads of black and white rings. This pattern
fits the description of the South American Coral Snake. The
distinctive feature of triads of black and white rings separating the
red ones is key in identifying this species.

Second Image: This snake exhibits a pattern of black bands edged
in white or cream on an orange-red dorsal background, where the
bands are wider at the vertebral region and thinner on the sides.
This pattern corresponds to the Amazon False Coral Snake.
The variation in the width of the black bands from the vertebral to
the dorsolateral areas is a notable characteristic.

Correct

FIGURE 7 Systematic failures with numbers. (a) is an example of a failed case (b) is an example of a correct case on the same set of
images. The model can make totally opposite predictions when numbers are included in the input prompts, especially when these numbers
are uncertain, such as the ranges provided in the prompts (7-17 and 30-60). The snake images are from the iNaturalist dataset (Van Horn
et al., 2018). All red text in (a, b) are real results generated by GPT-4v with the input prompts.

of OpenAl (https://openai.com/pricing) at the time this paper is being
written, GPT-4v costs $0.04 per 1000 tokens—the basic unit of text/
image processing in multimodal language models (Sennrich, 2015)—
which is roughly one 224 x 224 image plus a paragraph of three to
four hundred words. Such intensive resource requirements result
in limited distribution and deployment of large-scale multimodal
models in domain/task-specific and resource-limited areas such as
biodiversity research and conservation that usually have large-scale
datasets.

There exist methodical approaches and research directions
specifically aimed at mitigating the costs associated with fine-
tuning large-scale models for downstream tasks and domains
(particularly in terms of time and money), thereby facilitating

their adoption in real-world Al for biodiversity and conserva-
tion applications. Techniques such as model adaptors (Houlsby
et al.,, 2019), parameter efficient tuning (Jia et al., 2022; Zhang
et al., 2024a), model distillation (Zhu et al., 2023), and model
compression (Kuznedelev et al., 2023) are examples that reduce
the financial and computational costs of model adaptation, fine-
tuning and subsequent inference. These techniques work either
by introducing newly added smaller-scale trainable parameters (Jia
et al., 2022; Zhang et al., 2024a) or by compressing and distilling
smaller-scale models from the original large-scale models to cater
downstream tasks (i.e. tasks that further make use of the out-
puts of these models) (Gou et al., 2021; Kuznedelev et al., 2023).
The DeepSeek-R1 (DeepSeek-Al et al., 2025) is one of the best
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examples, having successfully reduced the overall training cost of
large models through model distillation while open sourcing much
of its algorithm. It also highlights the potential of training models
for fields like biodiversity research and conservation.

From Figures 3 and 4, we can also see that a generalized multi-
modal language model can already function within a wildlife context;
therefore, a dedicated multimodal language model trained for ecol-
ogy and conservation from the ground up may not be necessary. In
addition, once a large model is trained—considering the task general-
ization ability discussed in previous sections—there may be no need
to train smaller models, and the large model would enter a main-
tenance phase. In other words, we might only need a single multi-
modal model for the field of Al for conservation. While training such
a model would be resource-intensive, it could ultimately save the
community from having to train separate models for every individual
project and task, assuming the multimodal model is properly trained.

However, at this moment, it remains unclear whether the re-
source trade-off between training large and small models has a net
positive or negative impact, and whether there will be competition
to train the best large models that will exacerbate the situation. In
addition, research into the cost-efficient multimodal language model
updating techniques is still in its preliminary stages with respect to
real-world applications. This area, therefore, requires further re-
search and exploration.

5.5 | Biodiversity datasets

Beyond the cost of model fine-tuning, the lack of wildlife multimodal
datasets also hinders the development of such models in the appli-
cations of Al to biodiversity monitoring and conservation. Presently,
the most notable contributions to the development of large-scale
ecology datasets for Al/ML are embodied by LILA (https://lila.scien
ce/) and iNaturalist (Van Horn et al., 2018). These datasets, how-
ever, are predominantly designed for traditional sample-to-label
based machine learning tasks. Datasets for multimodal language
tasks need to have different modalities that are directly associ-
ated with each other and at least one language description for each
of the imagery or audio samples. BioCLIP (Stevens et al., 2024) is
a recent effort to create a multimodal dataset for biodiversity and
conservation. However, the language aspect of the dataset is mainly
based on direct information from the Tree of Life, rather than on
image-specific contextual and descriptive information such as the
ones in Figure 2. Descriptive information is crucial for the seman-
tic alignment of multimodal language models as it helps define and
incorporate ecological and conservation context information into
multimodal language models. However, creating such datasets is
no trivial task; even though multimodal models accept almost all
types of data, making it easier to collect large-scale training datasets
through Internet sources, the quality of the data remains crucial for
model performance. Expert verification and annotation are required,

a process that can be both time-consuming and resource-intensive.

As mentioned in Section 5.2, techniques such as instruction
tuning can significantly reduce the requirement for training data
to update existing multimodal language models for biodiversity
and conservation-specific tasks. How to effectively and efficiently
collect such data, or to augment existing biodiversity datasets with
additional modalities—perhaps through collective approaches such
as citizen science—remains an open question, particularly when it
comes to ensuring the quality required for techniques like instruc-

tion tuning.

5.6 | Closed-source models and open-source
efforts

The landscape of state-of-the-art multimodal language models is
largely dominated by closed-source algorithms and datasets (Alayrac
et al., 2022; Gemini Team Google, 2024; OpenAl et al., 2023;
Radford et al., 2021). This approach significantly hampers the ad-
vancement of multimodal language models and poses a barrier to
scientific progress in various fields, especially when modifications to
existing multimodal language models are typically exclusive to con-
tracted partners and paid services (OpenAl, 2023a), making them
less accessible to practitioners. Furthermore, these closed-source
strategies inhibit researchers from fully grasping the underlying
mechanisms of these algorithms, even though paid services, thereby
curtailing the potential for specific model modifications for different
projects, tasks, and applications in real-world settings. For instance,
the absence of transparency makes it impossible to understand the
training process, data volume, and details of model design, such as
in GPT-4v (OpenAl, 2023a), let alone to make any structural and al-
gorithmic modifications to the models. This lack of accessibility is
one of the main reasons why studies such as Fabian et al. (2023) and
Stevens et al. (2024) can only use less well-developed multimodal
language models to produce their wildlife models, as models like
GPT cannot easily be modified by general researchers.

While open-source initiatives—mainly driven by the academia—
like Open-Flamingo (Awadalla et al., 2023), Open-CLIP (llharco
et al., 2021), LION (Schuhmann et al., 2021), BioCLIP (Stevens
et al., 2024) and DeepSeek (DeepSeek-Al et al., 2025) are commend-
able efforts to mitigate this challenge and afford developers more
accessible methods, the majority of them unfortunately fall short
of achieving the performance standards set by their closed-source
counterparts at the time this paper is written (llharco et al., 2021).
Even if the cost of model training and accessibility of biodiversity
and conservation-focused datasets were not a concern, the lack of
technological transparency still makes training models for Al for
biodiversity and conservation a challenging task. This is also one
of the reasons why existing open-source efforts often have subpar
performance. One point worth noting is that, despite DeepSeek-R1
(DeepSeek-Al et al., 2025) being one of the few exceptions with per-
formance comparable to closed-source models, it is a LLM rather

than a multimodal model. However, given the success of DeepSeek,
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we can anticipate the release of more high-performance open-

source models in the future.

5.7 | Ethical concerns and responsible Al

Ever since the introduction of Al into the field of biodiversity and
conservation, ethical concerns have been raised regarding the po-
tential misuse of Al techniques (Wearn et al., 2019). The introduction
of multimodal language models into this field is no exception. For in-
stance, besides the potential biases in the language representations
of multimodal language models discussed in Section 5.2, these mod-
els can also generate biases based on imbalanced academic and so-
cial representation. Studies such as (Urzedo et al., 2024) and (Sworna
et al,, 2024) have shown that outputs from LLMs reflect biases
present in their training data because they are heavily influenced
by studies from certain countries, regions or demographic groups.
While it may seem that simply adding more training data from un-
derrepresented groups and countries could solve this problem, we
argue that the issue is more complex and not unique to multimodal
language models or Al. As the majority of large-scale language-based
models are trained on internet data, which reflect the imbalanced
nature of academic research and publications, meaningful solutions
require addressing these disparities within the broader context of
the academic research and publication system.

On the other hand, certain concerns about Al may seem more
pressing with the advancement of large models and multimodal lan-
guage models, such as their potential impact on existing staff and
community members in the field of biodiversity and conservation,
misinterpretation of model predictions in decision-making and un-
warranted techno-optimism that may distracts effort and potential
funding away from conventional solutions (Sandbrook, 2025; Wearn
et al., 2019). As with any technology, there is always a risk of mis-
use or unintended consequences. Therefore, it is crucial to establish
ethical guidelines and frameworks for the responsible use of Al tech-
niques in biodiversity and conservation (Nandutu et al., 2023; Ullah
et al., 2025; Wearn et al., 2019), an effort that requires close collab-
oration between technological and practitioner communities. This
includes ensuring transparency in model predictions, addressing bi-
ases in training data and promoting equitable access to Al technolo-
gies across different regions and communities. By fostering a culture
of responsible Al development and deployment, we can mitigate the
risks associated with the misuse of Al techniques while maximizing
their potential benefits for biodiversity research and conservation.

It is also important to emphasize that the development of Al
techniques should not be seen as a replacement for existing human
knowledge and experience but rather as a tool to assist and aug-
ment the work of practitioners in the field. This is especially true
in biodiversity and conservation, where human expertise is cru-
cial for understanding the complexities of ecosystems and species
interactions.

The introduction of multimodal language models should be
viewed as an opportunity to enhance the capabilities of existing

staff and community members. As suggested by (Miao et al., 2021),
there must be a symbiotic relationship between Al and human ex-
pertise, where Al and humans enhance each other's strengths recip-
rocally. This approach can not only help avoid misinterpretations and
misuses of Al but also ensure that human expertise remains at the
core of decision-making processes in biodiversity and conservation.
Moreover, with multimodal language models, the ability to provide
explanations for their predictions in natural language can further
enhance the understanding and interpretability of model outputs,
making it easier for practitioners to integrate Al techniques into their
workflows, leading to more robust outcomes. How this new technol-
ogy can be effectively incorporated into decision-making and policy-
making in biodiversity and conservation remains an open question,

requiring further research and exploration.

6 | PERSPECTIVES AND CONCLUSION

Considering the potential and limitations of the current develop-
ment of multimodal language models, several direct applications
could serve as effective starting points for utilizing these models in
biodiversity research and conservation, without requiring extensive
model training or fine-tuning. For instance, Figure 3 demonstrates
that GPT-4v can recognize morphological characteristics of animals
and leverage these traits for tasks such as animal species differentia-
tion. Conversely, the model can also perform image retrieval tasks,
functioning as a search engine for wildlife images based on natural
language queries. This capability has already been implemented on
the iNaturalist website (https://www.inaturalist.org/) and discussed
by (Gabeff et al., 2024). Although the performance may not be flaw-
less, it provides a strong example of how multimodal language mod-
els can be applied to real-world scenarios at their current stage of
development. There are also pioneering works that have demon-
strated the potential of multimodal language models in animal be-
haviour studies (Brookes et al., 2024; Dussert et al., 2025) as the
obscure nature of animal behaviour and language descriptions can
be a natural fit.

Moreover, with the robust language understanding capabili-
ties and access to internet resources, existing multimodal language
models can be directly integrated into research workflows for tasks
such as initial mass data collection, data analysis and research sum-
marization. Additionally, as open-source solutions like DeepSeek
(DeepSeek-Al et al., 2025) become more prevalent, customized
multimodal language models tailored for biodiversity research and
conservation will likely become more accessible to the public in the
future.

In conclusion, multimodal language models represent a revo-
lutionary advancement in Al, with the potential to serve as Al as-
sistants that can transform biodiversity research and conservation
through natural language-based human-machine interactions, en-
abling a wide range of tasks (Sections 3 and 4). However, the de-
ployment of these multimodal models in ecological research and
conservation practice, in particular, still faces several challenges
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that must be addressed when moving forward (Section 5). The
development of multimodal language models will require interdis-
ciplinary collaboration across different communities, including com-
puter science and biodiversity experts, as well as efforts from both
industry and academia. We hope this discussion will inspire further
research and interdisciplinary collaboration to fully realize the po-
tential of multimodal language models in biodiversity research and

conservation.
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