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Abstract

Foundation Models (FMs) have been successful in var-
ious computer vision tasks like image classification, object
detection and image segmentation. However, these tasks re-
main challenging when these models are tested on datasets
with different distributions from the training dataset, a
problem known as domain shift. This is especially problem-
atic for recognizing animal species in camera-trap images
where we have variability in factors like lighting, camou-
flage and occlusions. In this paper, we propose the Camera
Trap Language-guided Contrastive Learning (CATALOG)
model to address these issues. Our approach combines
multiple FMs to extract visual and textual features from
camera-trap data and uses a contrastive loss function to
train the model. We evaluate CATALOG on two benchmark
datasets and show that it outperforms previous state-of-the-
art methods in camera-trap image recognition, especially
when the training and testing data have different animal
species or come from different geographical areas. Our
approach demonstrates the potential of using FMs in com-
bination with multi-modal fusion and contrastive learning
for addressing domain shifts in camera-trap image recog-
nition. The code of CATALOG is publicly available at
https://github.com/Julian075/CATALOG.

1. Introduction
In recent years, the field of deep learning has seen re-

markable progress, driven in part by the emergence of a
new class of models known as Foundation Models (FMs)
[5, 6, 24, 25, 34]. These models are characterized by their
large size, depth, and the vast amounts of data on which
they have been trained, sometimes in the order of billions of
data samples. In computer vision, FMs have demonstrated
exceptional performance in a wide range of tasks, including
zero-shot image classification, object detection, and image
segmentation [10, 24, 33, 35]. By leveraging the knowledge
acquired during pre-training, FMs have enabled significant
advances in the state-of-the-art of the classical computer vi-
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Figure 1. Comparison of CATALOG, BioCLIP [28], and Wild-
CLIP [11] under challenging camera-trap conditions. CATALOG
demonstrates superior performance.

sion tasks and opened up new possibilities for real-world
applications. One key advantage of some FMs, particularly
those that incorporate text as an input modality, is their abil-
ity to handle open vocabulary tasks [8, 32]. These models
are not restricted to a fixed set of categories but can rec-
ognize a wide range of objects based on descriptive text
inputs [19, 23, 38]. This capability is particularly impor-
tant in diverse and dynamic environments, such as wildlife
monitoring, where the range of observable species can be
extensive and unpredictable.

Despite the success of FMs, adapting them to specific
domains that differ significantly from the original training
data remains a challenging task [4, 22, 37]. This difficulty
is exacerbated when there is limited data, as it is often the
case in specialized applications such as camera-trap image
classification [3, 9, 13, 26]. Camera traps are remote de-
vices that are triggered by motion or heat to capture images
or videos of wildlife in their natural habitat [12]. While
the use of camera traps has become increasingly popular in
wildlife research and conservation efforts, collecting very
large-scale datasets for this domain is still a significant chal-
lenge [3, 29, 31].

Due to these challenges, previous studies often adapt ex-
isting pre-trained FMs to the specific datasets instead of cre-
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ating new models from scratch [9, 11, 28]. For example,
WildCLIP is an adaptation of the Contrastive Language-
Image Pre-Training (CLIP) model [24], which uses Vi-
sion Language Models (VLMs) tailored to camera-trap data
[11]. Similarly, BioCLIP adapts CLIP for the tree-of-life
dataset to improve biological image analysis [28]. However,
in the case of camera-trap images, we observe that: i) FMs
often perform poorly on images that differ significantly
from the training dataset, and ii) FMs do not generalize well
in images that exhibit substantial variability in factors such
as lighting, camouflage, and occlusions [21, 26, 31]. These
observations are exemplified in Fig. 1.

In this paper, we introduce the Camera Trap Language-
guided Contrastive Learning (CATALOG) model to recog-
nize animal species in camera-trap images. Our approach
combines multiple FMs, including a Large Language Model
(LLM) [5], CLIP [24], LLaVA (Large Language-and-
Vision Assistant) [18], and BERT (Bidirectional Encoder
Representations from Transformers) [6], to learn domain-
invariant features from text and image modalities. We in-
troduce three key technical novelties: first, we combine text
information from various sources using the centroid in the
embedding space; second, we align the multi-modal fea-
tures using a convex combination of the different sources;
and third, we train our model using a contrastive loss
to facilitate the learning of domain-invariant features for
camera-trap images. We train our model on the Snapshot
Serengeti dataset [29] and evaluate it on the Terra Incognita
dataset [3]. The results demonstrate that CATALOG outper-
forms previous general-purpose and domain-specific FMs
for camera-trap image recognition, especially when the do-
main of the training set differs from that of the testing set.
Our main contributions can be summarized as follows:

• We introduce a novel CATALOG model that integrates
several FMs for camera-trap image recognition.

• When tested on datasets that differ from its training data,
CATALOG outperforms previous FMs in recognizing an-
imal species from camera-trap images.

• We conduct a series of ablation studies to confirm the ef-
fectiveness of each component in our model.

2. Related Work

Foundation models. In recent years, models trained with
vast amounts of data, capable of learning high-level repre-
sentations and performing complex tasks, have significantly
advanced the fields of machine learning and artificial intelli-
gence [15,16,30]. These models, powered by huge datasets,
have achieved outstanding performance across various do-
mains [7]. Among these models, LLMs and VLMs are par-
ticularly remarkable for their exceptional ability to process

images and text, while also generating coherent and rele-
vant information [40]. Notable examples of these models
include GPT-3 [5] and GPT-4 [1]. Due to their extensive
pre-training, these LLMs have demonstrated the ability to
generalize even in contexts for which they were not specif-
ically trained [9, 20]. Similarly, CLIP [24] has shown im-
pressive results in image classification by learning joint rep-
resentations of images and text. Another notable example
of FM is the LLaVA model [18], which integrates vision
and language modalities to achieve state-of-the-art results
in multi-modal tasks.

Foundation models for biology. In biology, FMs have
been adapted to address domain-specific challenges. For
example, BioCLIP [28] extends the principles of CLIP
[24] to biological data, covering diverse categories such
as plants, animals, and fungi. BioCLIP also integrates
rich structured biological knowledge. This model leverages
the TREEOFLIFE-10M dataset [28] and taxonomic names
to achieve significant performance improvements in fine-
grained classification tasks. This enables the classification
and analysis of complex biological images and text data.

Foundation models for camera traps. FMs are increas-
ingly being applied to camera-trap data for wildlife mon-
itoring and conservation. One such model is WildCLIP
[11], which uses the strengths of CLIP to accurately iden-
tify and classify different animal species in camera-trap im-
ages. Another approach is WildMatch [9], which introduces
a zero-shot species classification framework. WildMatch
adapts vision-language models to generate detailed visual
descriptions of camera-trap images using expert terminol-
ogy, which are then matched against an external knowledge
base to identify species. These advances demonstrate the
significant potential of FMs in improving wildlife monitor-
ing and conservation efforts.

Previous methods for camera-trap image recognition
have made progress in specific domains, but they often
struggle when tested in diverse environmental contexts [27]
and under challenging conditions, as illustrated in Fig. 1.
Our proposed model, CATALOG, addresses this limita-
tion by leveraging feature representation from FMs that are
robust against domain shifts. This integration improves
species recognition and contextual understanding, making
the model less sensitive to variations in environmental con-
ditions and new classes.

3. CATALOG

Problem definition. In this paper, we assume access to an
annotated training dataset, denoted as D, which consists of
Nd image-label pairs, D = {(xD

i ,yD
i )}Nd

i=1, with a set of
classes CD. For testing purposes, we have another dataset,
S, containing Ns image-label pairs, S = {(xS

i ,y
S
i )}Ns

i=1,
with a set of classes CS . The sets of classes in both datasets
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Figure 2. The pipeline of CATALOG. Our model is divided into five parts: i) text embeddings, ii) image embeddings, iii) image-text
embeddings, iv) feature alignment, and v) loss function. The textual embeddings are computed using a set of pre-defined templates and the
LLM descriptions. The image embeddings are computed using CLIP. The image-text embeddings are calculated using LLaVA and BERT.
Finally, we align the multi-modal features using an alignment mechanism and train the model with a contrastive loss function.

may or may not overlap, meaning that CD ∩CS may or may
not be empty. Both datasets are derived from the natural
world, but their images may not necessarily come from the
same distribution, resulting in a domain shift. Our goal is to
train a deep learning model using only the training dataset
D and deploy it on the testing dataset S.

3.1. Overview of the Approach

Fig. 2 presents the pipeline of our proposed framework,
CATALOG. Our approach consists of three main compo-
nents: i) text, ii) image, and iii) image-text embeddings.
For the text component, we input our dictionary of classes,
CD, and use an LLM with predefined templates to generate
descriptions for each category. Then, we utilize CLIP’s text
encoder to obtain embeddings for each textual description.
To ensure a unique embedding for each class in CD, we
apply a technique to combine the embeddings (Sec. 3.2),
resulting in a single embedding of dimension F . For the
image component, we use CLIP’s image encoder to ex-
tract embeddings from a mini-batch of B images (Sec. 3.3).
Meanwhile, for the image-text component, we employ the
VLM LLaVA coupled with BERT and a Multi-Layer Per-
ceptron (MLP) to compute image-text embeddings from the
mini-batch of images (Sec. 3.4). To ensure the embeddings
from all three components are aligned, we use an alignment
mechanism (Sec. 3.5). Finally, we utilize the output of the

alignment mechanism to compute a contrastive loss, which
is used to train our model (Sec. 3.6). We let all FMs frozen
( ) and only train ( ) the MLP.

3.2. Text Embeddings

To generate textual descriptions for each category in our
dataset CD, we utilize an LLM that can provide detailed
information about the animals without requiring expert in-
puts. We also create multiple descriptions using predefined
templates tailored to our specific task of camera-trap image
recognition such as “a photo captured by a camera trap of
a { }”. These templates add context to the descriptions by
specifying that the images were captured by camera traps.
Examples of the precise prompts and templates used can be
found in the supplementary material. We process two types
of textual descriptions using CLIP’s text encoder: one gen-
erated by the LLM and M − 1 manually crafted templates.
As a result, for each class in CD, we obtain M embeddings,
each with a dimension of F . This allows us to represent
each class using a set of textual embeddings that capture
the semantic meaning of the category.

To obtain the final embedding for each class c ∈ CD, we
compute the centroid of the M embeddings generated for
that class. Specifically, let P(c) ∈ RM×F be the set of M
embedding for the class c ∈ CD. The final embeddings tc ∈
RF of c is calculated as the average of these M embeddings,



as follows:

tc =
1

M

M∑

i=1

P
(c)
i: , (1)

where P
(c)
i: represents the ith row of P(c). The output of

the text embedding part of CATALOG is a matrix T =

[t1, t2, . . . , t|CD|]
⊤ ∈ R|CD|×F , which contains the final

embeddings for all classes in CD.

3.3. Image Embedding

Pre-processing. We utilize the MegaDetector model [2] to
process our camera trap datasets. The purpose of using this
model is to extract crops from the camera-trap images that
contain relevant information.

CLIP embeddings. We use CLIP’s image encoder [24]
to extract embeddings from the cropped images. We pro-
cess the images in mini-batches of size B. For each im-
age, we extract an embedding of dimension F using the
CLIP encoder. The output of this stage is a matrix V =
[v1,v2, . . . ,vB ]

⊤ ∈ RB×F , where vi corresponds to the
visual embedding of the ith image in the mini-batch. This
matrix is then used in the subsequent stages of our frame-
work to align and contrast the text and image embeddings.

3.4. Image-text Embeddings

In the image-text branch of CATALOG, we use the mini-
batch of cropped images as input. We employ the LLaVA
model [18] to generate textual descriptions of the animals
present in the cropped images, using a prompt similar to the
one described in [9] (provided in the supplementary ma-
terial). These textual descriptions are processed using the
BERT model, which we selected because it provides 512
possible tokens [36]. We also utilize Long CLIP [39], but
the results are not satisfactory (see Sec. 4.2). BERT gener-
ates text embeddings of dimension F ′. Since F ′ is not equal
to the dimension F of the CLIP embeddings, we feed these
BERT embeddings into an MLP to match the dimensions.

The MLP serves to project each BERT embedding into
a F -dimensional space to match the CLIP embedding di-
mension. However, it does not perform the alignment be-
tween the two different embeddings. The actual alignment
between BERT and CLIP embeddings is achieved through
the alignment mechanism and loss function, which we de-
scribe in detail in Sec. 3.5 and Sec. 3.6.

The output of the image-language branch of CATA-
LOG is a matrix L = [l1, l2, . . . , lB ]

⊤ ∈ RB×F , where
li is the transformed BERT embedding of the ith image in
the mini-batch.

3.5. Alignment Mechanism

The alignment method takes the text (T), image (V), and
image-text (L) embeddings from each branch as input. The

feature alignment process consists of two parts: i) similarity
computation and ii) fusion mechanism. For the similarity
computation, we calculate the cosine similarities between
text and image embeddings, as well as text and image-text
embeddings. Specifically, let W ∈ RB×|CD| be the matrix
of cosine similarities between the text and image embed-
dings, computed as follows:

Wij =
⟨vi, tj⟩
∥vi∥∥tj∥

∀ 1 ≤ i ≤ B, 1 ≤ j ≤ |CD|, (2)

where Wij represents the (i, j) item of the matrix, ⟨·, ·⟩
denotes inner product, and ∥ · ∥ is the ℓ2 norm of a vector.
Similarly, we compute the cosine similarities between the
text and image-text embeddings as follows:

Qij =
⟨li, tj⟩
∥li∥∥tj∥

∀ 1 ≤ i ≤ B, 1 ≤ j ≤ |CD|, (3)

where Q ∈ RB×|CD| is the matrix of cosine similarities
between the text and image-text embeddings.

The fusion mechanism is implemented as a weighted av-
erage between the matrices W and Q, where the weights
are determined by the hyperparameter α ∈ [0, 1] . Specif-
ically, the output of the fusion method is a matrix S ∈
RB×|CD|, defined as follows:

S = αW + (1− α)Q. (4)

Since α ∈ [0, 1], the resulting matrix S is a convex combi-
nation of W and Q. This means that each element Sij of
the matrix is also between 0 and 1.

3.6. Contrastive Loss

We train our model using a contrastive loss function, L,
which takes the matrix S as input. The loss function is cal-
culated for each mini-batch as follows:

L(S) = 1

B

B∑

i=1

− log
exp(Sik/τ)∑|CD|
j=1 exp(Sij/τ)

, (5)

where τ is a temperature hyperparameter and k is the in-
dex of the class in CD of the ith image in the mini-batch.
The intuition behind this loss function is to bring the image-
text embeddings close to the text and image embeddings in
the feature space when they correspond to the same species
category in the dataset. Conversely, we aim to push apart
the multi-modal embeddings from other species in the mini-
batch. This encourages the model to learn a shared embed-
ding space where the embeddings from different modalities
are similar for the same species.

4. Experiments and Results
This section presents the datasets used in the current

work, the evaluation protocol, the implementation details,



the results, and the discussion of CATALOG. We compare
our algorithm against CLIP [24], BioCLIP [28], and Wild-
CLIP [11]. We also perform a set of ablation studies to
analyze each component of CATALOG, including the set
of prompts and textual information we use to describe the
different categories, different architectural choices like the
VLM, CLIP’s image encoder, and the loss function. Finally,
we study the sensibility of CATALOG regarding the hyper-
parameter α in the alignment mechanism.
Datasets. We evaluate CATALOG using two public
datasets in camera traps: Snapshot Serengeti [29] and Terra
Incognita [3]. Some cropped images from these datasets are
shown in Fig. 3.

• Snapshot Serengeti [29]. We use the version of the
Serengeti dataset used in WildCLIP [11], which com-
prises 46 classes. This dataset version includes 380×380
pixel image crops generated by the MegaDetector model
from the Snapshot Serengeti project, applying a confi-
dence threshold above 0.7. Only camera trap images con-
taining single animals were selected for this version. The
dataset includes 340, 972 images divided into 230, 971 for
training, 24, 059 for validation, and 85, 942 for testing.

• Terra Incognita [3]. This dataset comprises 16 classes
and introduces two testing groups called Cis-locations
and Trans-locations. This means that the images taken
from these locations are similar (Cis-locations) or dif-
ferent (Trans-locations) to the training data. These par-
titions were originally provided to test the robustness of
computer vision models trained and evaluated in the same
Terra Incognita dataset (in-domain evaluation). We filter
the images in the dataset with the MegaDetector model of
the library PyTorch-Wildlife [14]. The dataset contains
45, 912 images divided into 12, 313 for training, 1, 932
for Cis-Validation, 1, 501 for Trans-Validation, 13, 052
for Cis-Test, and 17, 114 for Trans-Test.

Evaluation protocol. We conduct two experiments to eval-
uate the performance of our model compared to the current
state-of-the-art models. In the first experiment, we use the
Snapshot Serengeti dataset for training and validation, and
the Terra Incognita dataset for testing (out-of-domain evalu-
ation). In other words, D and S are the Snapshot Serengeti
and Terra Incognita datasets, respectively. The Snapshot
Serengeti dataset was collected in various protected areas
in Africa, while Terra Incognita was collected in the Amer-
ican Southwest. Therefore, we have two main problems in
this experimental setup: i) the difference in data distribution
between the two datasets D and S (domain shift), and ii) the
difference in the sets of classes (CD ̸= CS). These two chal-
lenges are illustrated in Fig. 3. The difference in the sets of
classes rules out any closed-set state-of-the-art method for
comparison. We report the accuracy results in the Cis-Test
and Trans-Test sets of Terra Incognita.

Terra Incognita

Snapshot Serengeti

Figure 3. Cropped images from the Snapshot Serengeti and Terra
Incognita datasets where we observe the domain shift and the dif-
ference in classes (different animal species).

For the second experiment, we modify our problem def-
inition in Sec. 3 and use the same dataset to assess the
model’s performance without the complications introduced
by the domain shift and new classes (in-domain evalua-
tion). More precisely, we use the Snapshot Serengeti or
Terra Incognita datasets for training, validation, and testing.
This approach allows us to evaluate the model’s accuracy
and robustness within a consistent domain.

Implementation details. We use the 3.5 version of Chat-
GPT for the LLM, the ViT-B/16 version of CLIP, the 1.5-
7B version of LLaVA, and the BERT-base-uncased version
of BERT in our implementation of CATALOG. For train-
ing our model in the first experiment, we set α = 0.6 and
τ = 0.1. The MLP architecture consists of a single hidden
layer with dimension 1, 045, and the Gaussian Error Lin-
ear Unit (GELU) as the activation function. We train our
model for 8 epochs with a dropout rate of 0.27. We use the
Stochastic Gradient Descent (SGD) algorithm to train CAT-
ALOG with a learning rate of 0.08, momentum of 0.8, and
batch size of 48. For the second experiment, we fine-tuned
CATALOG by unfreezing the CLIP image encoder and ad-
justing key hyperparameters: batch size of 100, and training
for 86 epochs using SGD with a momentum of 0.8. For the
Snapshot Serengeti dataset, we use a 0.4 dropout rate, 1e−3
learning rate, and an MLP with four hidden layers of 1, 743
dimensions. For the Terra Incognita dataset, we use a 0.5
dropout rate, 1e−4 learning rate, and an MLP with a sin-
gle hidden layer of 1, 045 dimensions. Early stopping was
applied with a patience of 20 epochs. We optimize the hy-
perparameters of our model using random search.



Model Backbone Training Test Cis-Test Acc (%) Trans-Test Acc (%)
CLIP [24] ViT-B/32 OpenAI data Terra Incognita 32.18 26.62
CLIP [24] ViT-B/16 OpenAI data Terra Incognita 39.14 34.67
BioCLIP [28] ViT-B/16 TREEOFLIFE-10M Terra Incognita 21.12 14.53
WildCLIP [11] ViT-B/16 Snapshot Serengeti Terra Incognita 40.38 38.90
WildCLIP-LwF [11] ViT-B/16 Snapshot Serengeti Terra Incognita 41.60 36.20
CATALOG (ours) ViT-B/16 Snapshot Serengeti Terra Incognita 48.59 41.92

Table 1. Zero-shot performance results of CATALOG and other foundation models in the Terra Incognita dataset (out-of-domain evalua-
tion). All methods are trained in data that differ from the test dataset. The best method is highlighted in bold.

4.1. Quantitative Results

Comparison with the state-of-the-art in out-of-domain
evaluation. Tab. 1 reports the performance metrics of var-
ious models trained in datasets like TREEOFLIFE-10M
and Snapshot Serengeti, and tested on the Cis-Test and
Trans-Test sets of the Terra Incognita dataset, reflecting
the models’ accuracy (%) in zero-shot learning scenarios.
We observe that CLIP ViT-B/32 achieves an accuracy of
32.18% in Cis-Test and a Trans-Test accuracy of 26.62%,
while CLIP ViT-B/16 improves these metrics to 39.14% and
34.67%, respectively. The WildCLIP model improves upon
CLIP (ViT-B/16) with 40.38% on Cis-Test and 38.90% on
Trans-Test due to its refinement in the Snapshot Serengeti
dataset. We also test the version Learning without Forget-
ting (LwF) of WildCLIP, which slightly alters performance
with 41.60% and 36.20% on Cis-Test and Trans-Test, re-
spectively. In contrast, BioCLIP shows lower accuracy lev-
els across both datasets, achieving 21.12% on Cis-Test and
14.53% on Trans-Test. CATALOG outperforms all previ-
ous FMs for camera-trap images, achieving 48.59% of ac-
curacy in Cis-Test and 41.92% in Trans-Test. These results
highlight the advancements in zero-shot, domain-invariant,
and open-set capabilities achieved by CATALOG, surpass-
ing previous state-of-the-art models.

In-domain performance comparison in the Snapshot
Serengeti dataset. Tab. 2 shows a comparison of multiple
models trained in the Snapshot Serengeti dataset. CLIP-
MLP is a modified version of CLIP’s image encoder where
we add an MLP and we train it with the regular cross-
entropy loss. This model achieves a test accuracy of
84.92%. However, it is worth noting that unlike WildCLIP
and CATALOG, the CLIP-MLP model lacks open vocabu-
lary capabilities due to the cross-entropy training. There-
fore, CLIP-MLP is a strong baseline when no open-set ca-
pabilities are required. WildCLIP performs moderately well
with a test accuracy of 61.78%, but it lags behind CATA-
LOG. The variant of WildCLIP, WildCLIP-LwF, shows a
slight improvement, achieving a test accuracy of 64.39%.
The Learning without Forgetting (LwF) approach incorpo-
rated in this model appears to contribute positively, although
the gain is not enough when compared to CLIP-MLP and

Model Loss Function Test Acc (%)

CLIP-MLP [24] Cross-entropy 84.92
WildCLIP [11] Contrastive 61.78
WildCLIP-LwF [11] Contrastive 64.39
CATALOG (ours) Contrastive 90.63

Table 2. Performance comparison in Snapshot Serengeti (in-
domain evaluation). All models use the ViT-B/16 backbone.

Model Cis-Test Acc(%) Trans-Test Acc(%)

CLIP-MLP [24] 77.62 71.88
WildCLIP [11] 91.72 84.52
WildCLIP-LwF [11] 88.96 82.86
CATALOG (ours) 89.64 84.32

Table 3. Performance comparison in the Terra Incognita dataset
(in-domain evaluation). All models have the ViT-B/16 backbone.

CATALOG. CATALOG outperforms both CLIP-MLP and
WildCLIP with 90.63%, showing its effectiveness for the
case of in-domain evaluation.

In-domain performance comparison in the Terra Incog-
nita dataset. Tab. 3 shows the performance of CLIP-MLP,
WildCLIP, WildCLIP-LwF, and CATALOG when trained
and evaluated on the Terra Incognita dataset. The CLIP-
MLP model performs well with a Cis-Test accuracy of
77.62% and a Trans-Test accuracy of 71.88%. Although
this model performs well, its lack of open vocabulary capa-
bilities remains a limitation. WildCLIP achieves the high-
est Cis-Test accuracy of 91.72% and the best Trans-Test
accuracy of 84.52%. WildCLIP-LwF slightly underper-
forms WildCLIP, with a Cis-Test accuracy of 88.96% and a
Trans-Test accuracy of 82.86%. CATALOG achieves a Cis-
Test accuracy of 89.64%, outperforming CLIP-MLP and
WildCLIP-LwF, also performs competitively in the Trans-
Test scenario with an accuracy of 84.32%, slightly lower
than WildCLIP. Nevertheless, when we analyze the perfor-
mance gap between the Cis-Test and Trans-Test in Terra
Incognita, it is smaller in CATALOG compared to other
methods. This demonstrates that CATALOG is effective at



CLIP VLM LLM Templates Cis-Test Acc (%) Trans-Test Acc (%)
✗ ✓ ✗ ✗ 2.54 3.00
✗ ✓ ✗ ✓ 8, 37 12, 36
✗ ✓ ✓ ✗ 11, 20 10, 80
✗ ✓ ✓ ✓ 14.51 15.83
✓ ✗ ✗ ✗ 39.14 34.67
✓ ✗ ✓ ✗ 37.92 36.32
✓ ✗ ✗ ✓ 44.26 33.74
✓ ✗ ✓ ✓ 44.39 34.73
✓ ✓ ✓ ✓ 48.59 41.92

Table 4. Ablation studies for performance variations for different design choices of CATALOG. CLIP refers to the usage of the image
encoder of CLIP. VLM refers to the usage of the Image-text Embedding module. LLM refers to the description generated by ChatGPT
for each animal species. Finally, Templates refer to a set of predefined templates customized for our specific task in camera-trap image
recognition. All models are trained on Snapshot Serengeti and evaluated on Terra Incognita (out-of-domain evaluation).

handling domain shifts, even within the same dataset.

4.2. Ablation Studies

We conduct several ablation studies about i) the impact
of the CLIP’s image encoder, ii) the use of the VLM and
the different textual descriptions of the categories, iii) the
loss function used to train CATALOG, and iv) the impact of
using a text encoder capable of processing prompts longer
than 77 tokens instead of BERT.

CLIP image encoder, VLM, LLM, and templates. We
evaluate the performance of CATALOG when we remove
the VLM, CLIP image encoder, the descriptions gener-
ated by the LLM, and the set of predefined templates cus-
tomized for the specific task in camera-trap image recog-
nition. Tab. 4 shows the results in the Cis-Test and Trans-
Test for different design choices in CATALOG. Our find-
ings show that the lowest performance occurs when we re-
move CLIP, the LLM descriptions, and templates (first row
in Tab. 4). This is equivalent to setting α = 0 in (4) and
using for text descriptions the base prompt “A photo of a
{ }”. This results in scores of 2.54% and 3.00% in Cis-
Test and Trans-Test, respectively. Similarly, removing CLIP
and the templates or CLIP and the LLM descriptions also
leads to very poor performance (second and third rows in
Tab. 4). When we remove CLIP and include VLM, the
LLM descriptions, and the templates, we observe a little
increase in performance, obtaining accuracies of 14.51% in
the Cis-Test and 15.83% in the Trans-Test sets (fourth row
in Tab. 4). These poor results highlight the important role
of CLIP’s image encoder in CATALOG, meaning that our
VLM alone cannot replace CLIP image encoder.

We observe a significant performance increase when we
include the CLIP image encoder (fith row in Tab. 4), with
scores of 39.14% and 34.67% in Cis-Test and Trans-Test,
respectively. This case reduces to the original CLIP model
with the base prompt “A photo of a { }”. When we incor-
porate the descriptions generated by the LLM (sixth row in

Loss function Cis-Test Acc(%) Trans-Test Acc (%)
Sup. contrastive loss 45.64 37.02

Contrastive loss 48.59 41.92

Table 5. Ablation study on the choice of the loss function to train
CATALOG in out-of-domain evaluation.

Tab. 4), we obtain an increase in performance for the Trans-
Test score (36.32%) but a decrease for the Cis-Test score
(37.92%). When we include the templates (seventh row in
Tab. 4), we observe an increase in performance in Cis-Test
(44.26%) but a slight decrease in Trans-Test (33.74%). Fi-
nally, the combination of the LLM and template descrip-
tions (eight row in Tab. 4) offers more robust results across
Cis-Test (44.39%) and Trans-Test (34.73%). These results
suggest that including textual descriptions can be benefi-
cial, but their effectiveness may vary depending on the test
dataset and the choice of text information.

Tab. 4 shows that the best performance is achieved by
incorporating the VLM model, CLIP image encoder, the
LLM descriptions, and templates (last row in Tab. 4), re-
sulting in scores of 48.59% (Cis-Test) and 41.92% (Trans-
Test). This highlights the importance of integrating textual
embedding techniques to better capture the relationships be-
tween images and their categorical descriptions. The re-
sults also demonstrate how integrating FMs enhances the
model’s generalization performance. Furthermore, incorpo-
rating the image-text embeddings with the VLM and CLIP
model provides an additional boost in accuracy, underscor-
ing the effectiveness of this module for camera-trap image
recognition.

Evaluating different loss functions. Tab. 5 shows the com-
parison in performance of CATALOG when trained with the
contrastive loss in (5) and the well-known supervised con-
trastive loss defined in [17]. The main difference between
these two approaches is the elements we use as negative
pairs. We observe that CATALOG obtains 45.64% in Cis-



Long CLIP CLIP+BERT Cis-Test Acc(%) Trans-Test Acc (%)

✓ ✗ 28.55 18.05
✗ ✓ 48.59 41.92

Table 6. Ablation study on the choice of the text encoder to use in
CATALOG for out-of-domain evaluation.

Test and 37.02% in Trans-Test when trained with the su-
pervised contrastive loss. In contrast, our model achieves
48.59% and 41.92% in Cis-Test and Trans-Test, respec-
tively when trained with the contrastive loss. This indi-
cates that the contrastive loss is effective in improving the
model’s ability to distinguish between different categories,
leading to higher performance in both test scenarios. Even
though the supervised contrastive loss provides reasonable
performance, it does not match the effectiveness of the stan-
dard contrastive loss for camera-trap image recognition.
Evaluating text encoder. We evaluate the impact of us-
ing different text encoders on the performance of CATA-
LOG in out-of-domain evaluation scenarios. Specifically,
we compare the performance of the CLIP [24] and BERT
[6] text encoder combination against the Long CLIP text
encoder [39], which is capable of processing longer textual
prompts (248 tokens). The study also uses the Long CLIP
image encoder, ensuring a consistent comparison between
the models. All hyperparameters were kept unchanged and
optimized based on the values found for the out-of-domain
evaluation.

Tab. 6 shows the Cis-Test and Trans-Test accuracy re-
sults for the two encoder setups. The CLIP and BERT text
encoder combination achieved the highest performance,
with Cis-Test and Trans-Test accuracies of 48.59% and
41.92%, respectively. In contrast, using the Long CLIP text
encoder significantly reduced performance, achieving only
28.55% accuracy on the Cis-Test and 18.05% on the Trans-
Test. This performance drop suggests that simply increas-
ing the text encoder’s capacity to process more tokens does
not guarantee improved alignment and performance in out-
of-domain scenarios.

4.3. Sensitivity to the Hyperparameter α

Fig. 4a and 4b show the change of CATALOG’s per-
formance to variations of the parameter α between 0 and
1 in (4) for Cis-Test and Trans-Test in Terra Incognita for
out-of-domain evaluation. We observe that the information
from both matrices Q and W, are complementary. Both
Fig. 4a and 4b show that the optimal value for α is 0.6. This
indicates that giving nearly equal importance to both ma-
trices provides the best accuracy. When α deviates from
the optimal value, the accuracy decreases, suggesting that
overemphasizing either matrix leads to a loss of valuable
information for classification. This consistency across both
evaluation sets highlights the robustness of the model’s per-
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Figure 4. Sensibility analysis of the hyperparameter α of CATA-
LOG in the Terra Incognita dataset for out-of-domain evaluation.

formance when information from both matrices is used.

4.4. Limitations

Although FMs have shown promising results in recog-
nizing animal species in camera-trap images, there is still
a noticeable difference between their performance on out-
of-domain (Tab. 1) and in-domain (Tab. 3) data evaluation
in Terra Incognita. This highlights the need to enhance the
generalization capabilities of these models for camera-trap
image recognition. In the supplementary material, we pro-
vide a more detailed analysis of the limitations of the CAT-
ALOG model. Two potential directions for addressing this
issue include: i) collecting a large-scale dataset of image-
text pairs of camera-trap images to train a foundation model
like CLIP, and ii) leveraging expert knowledge through tex-
tual information about each animal species to fill the domain
gap. These ideas warrant further exploration and are left for
future work.

5. Conclusions

In this paper, we introduced CATALOG, a new model
that integrates multiple FMs to address the performance loss
caused by domain changes in camera-trap image recogni-
tion. CATALOG tackles domain shifts by using robust fea-
tures extracted by CLIP, LLaVA, and BERT, combined with
stronger category descriptions generated by an LLM and
predefined templates specific to the camera-trap context.
Our extensive experiments show that CATALOG outper-
forms state-of-the-art models in camera-trap image classi-
fication, especially in the case when there are domain shifts
between the training and testing dataset, all while maintain-
ing its open vocabulary capabilities.
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This supplementary material includes some examples of
the predefined templates and detailed examples of specific
prompts used to generate the category descriptions with the
LLM [?]. Additionally, it provides the prompt used to create
textual descriptions of animals present in cropped images
using LLaVA [?].

A. Templates
In this section, we present some examples of templates

designed for the camera-trap image recognition task. These
templates have been adapted from the ImageNet templates
used in CLIP [?] and are shown below:

• a photo captured by a camera trap of a {}.

• a camera trap photo of the {} captured in poor conditions.

• a cropped camera trap image of the {}.

• a camera trap image featuring a bright view of the {}.

• a camera trap image of the {} captured in clean conditions.

• a camera trap image of the {} captured in dirty conditions.

• a camera trap image with low light conditions featuring the
{}.

• a black and white camera trap image of the {}.

• a cropped camera trap image of a {}.

• a blurry camera trap image of the {}.

• a camera trap image of the {}.

• a camera trap image of a single {}.

• a camera trap image of a {}.

• a camera trap image of a large {}.

• a blurry camera trap image of a {}.

• a pixelated camera trap image of a {}.

• a camera trap image of the weird {}.

• a camera trap image of the large {}.

• a dark camera trap image of a {}.

• a camera trap image of a small {}.

For each template, we replace “{ }” by the specific category
in CD.

B. Prompts

In this section, we provide the prompts for the LLM and
LLaVA used in CATALOG.

B.1. Prompt LLM

The prompt utilized to get the LLM description of the
animal species follows a structure based on the methodol-
ogy discussed in [?] and is shown below.
You are an AI assistant specialized in biology and providing
accurate and detailed descriptions of animal species. We
are creating detailed and specific prompts to describe
various species. The goal is to generate multiple sentences
that capture different aspects of each species’ appearance
and behavior. Please follow the structure and style shown
in the examples below. Each species should have a set of
descriptions that highlight key characteristics.

Example Structure:

Badger:

• a badger is a mammal with a stout body and short sturdy legs.

• a badger’s fur is coarse and typically grayish-black.

• badgers often feature a white stripe running from the nose to
the back of the head dividing into two stripes along the sides
of the body to the base of the tail.

• badgers have broad flat heads with small eyes and ears.

• badger noses are elongated and tapered ending in a black
muzzle.

• badgers possess strong well-developed claws adapted for
digging burrows.

• overall badgers have a rugged and muscular appearance
suited for their burrowing lifestyle.

B.2. Prompt LLaVA

The prompt used in LLaVA aligns with the approach
employed in [?] and is structured as follows:
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The animal in the image is a horse. It has a long, slender neck and 

a muscular body. The horse has a large head with two prominent 

ears, a nose, and a mouth. The eyes are located on the sides of the 

head, and the horse has a mane that runs along its neck. The horse 

has a tail that swishes back and forth, and its legs are strong and 

muscular. The hooves are cloven.

Input Image Input Description

The animal is a large, long-legged creature with a long tail.  It has a 

sleek, muscular body and a long, pointed head. The eyes are large  

and round, and the ears are small and pointed. The nose is long and 

narrow, with a black tip. The mouth is small and located at the end 

of the long snout. The fur is short and smooth, with a shiny 

appearance. 

The animal in the image is a small, furry creature with a round 

body and a short tail. It has two large, round ears and two small, 

round eyes. The creature has a short, stubby snout and a mouth 

with small, sharp teeth. Its fur is dense and covers its entire body, 

providing it with a thick layer of insulation against the cold. 

The animal's legs are short and sturdy, allowing it to move

 a)

 b)

 c)

Figure 1. Failure cases of the CATALOG model for camera trap image classification. case a: The VLM generates an incorrect description
with details that do not match the input image. case b: A blurry image results in a vague and unhelpful description. case c: When the
input image is very unclear, the VLM generates a random and irrelevant description. These examples show that when the descriptions are
wrong or not informative, the model makes incorrect predictions.

SYSTEM: You are an AI assistant specialized in biology and
providing accurate and detailed descriptions of animal species.\n
≪ image ≫ \n
USER: You are given the description of an animal species. Pro-
vide a very detailed description of the appearance of the species
and describe each body part of the animal in detail. Only include
details that can be directly visible in a photograph of the animal.
Only include information related to the appearance of the animal
and nothing else. Make sure to only include information that is
present in the species description and is certainly true for the given
species. Do not include any information related to the sound or
smell of the animal. Do not include any numerical information re-
lated to measurements in the text in units: m cm in inches ft feet
km/h kg lb lbs. Remove any special characters such as unicode
tags from the text. Return the answer as a single paragraph.

C. Analysis of CATALOG’s Errors
In this section, we provide a more detailed analysis of

the limitations of the CATALOG model. Fig. 1 illustrates
how sensitive the model is to the input descriptions gen-
erated for the VLM. These descriptions provide additional
information to help the model make better classifications.
However, when the descriptions are wrong or unclear, the
model makes incorrect predictions.

To clarify the model’s sensitivity to input descriptions,
Fig. 1 presents three examples:

• In case a, the VLM hallucinates by adding details that
are not in the image. For example, it describes the an-
imal as a horse, even though the input image does not
match this description. This leads to a completely in-
correct prediction.

• In case b, the input image is blurry and hard to in-
terpret. The VLM generates a vague description with
little useful information. As a result, the model does
not get enough context to make the correct prediction.

• In case c, the image is so unclear that the VLM cre-
ates a random description that has no connection to the
input. This random description further confuses the
model, leading to a wrong prediction.

These examples show that the CATALOG model de-
pends on the accuracy and quality of the descriptions cre-
ated by the VLM. When the descriptions are not reliable or
informative, the model struggles to classify the input cor-
rectly. Improving the robustness of the VLM is crucial for
handling noisy or unclear inputs.


