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A. CARE Toolkit
In the pre-processing phase of the CARE toolkit, we lever-
age the pre-trained YOLO11 (You Only Look Once) [5]
model to develop a species detector, enabling an au-
tonomous process and annotation of the camera-trap data
prior to identifying individual animals. We used the Labeled
Information Library of Alexandria: Biology and Conserva-
tion (LILA BC) [10] dataset, supplemented with additional
stoat data donated from five organizations, to fine-tune the
pre-trained YOLO11 model. Specifically, we customized a
species detector with 15 categories (e.g., Bird, Cat, Deer,
Ferret, Kiwi, Possum, Rodent, Stoat) by fine-tuning the
YOLO11 model with approximately 350,000 images.

B. Algorithms
The pseudo-code for the VDTDG training in Phase 1 of
our proposed CARE framework is demonstrated in Al-
gorithm 1. Algorithm 2 shows the pseudo-code for the
individual-specific textual prototypes fusion. The pseudo-
code for semantic feature alignment within individuals to
enhance the discrimination between individual animals is
illustrated in Algorithm 3.

C. Experimental Settings
Datasets. We evaluate our proposed CARE framework
on seven Animal ReID benchmarks: (1) ATRW [7] in-
cludes 4,675 images from 182 Amur Tiger individuals;
(2) FriesianCattle2017 [1] includes 934 images from 84
Holstein Friesian Cattle individuals; (3) LionData [2] in-
cludes 740 images from 94 Lion individuals; (4) MPDD [4]
includes 1,657 images from 191 Dog individuals; (5)
IPanda50 [14] includes 6,874 images from 50 Panda indi-
viduals; (6) SeaStarReID2023 [13] includes 2,187 images
from 95 Sea Star individuals; (7) NyalaData [2] includes
1,942 images from 237 Nyala individuals, and a newly col-
lected Stoat dataset, including 5,302 images from 73 Stoat
individuals.
Baselines. We compare our approach against five repre-
sentative baselines: (1) TransReID [3] is a Transformer-
based Object ReID framework with the jigsaw patches mod-
ule and side information embedding to mitigate feature bias

Algorithm 1 CARE Phase 1: VDTDG Training

1: Input: D = {(XD,YD)}: training dataset with a batch
size B.

2: Output: F : optimized VDTDG.
3: Initialize I(·), T (·), and s(·, ·) from the pre-trained

CLIP.
Initialize VDTDG F(·).
Initialize v1, v2, · · · , vw randomly. ▷ initialize
learnable textual tokens
Initialize static textual tokens ωyc

i
with the identity la-

bel yci .
4: while in training VDTDG do
5: for (xi, y

c
i ) in (XD,YD) do

6: vxi = I(xi)
7: ω′

xi
= F (vxi) ▷ generate image-specific

textual tokens
8: v1, v2, · · · , vw += ω′

xi

9: txi
= ωyc

i
⊕ ω′

xi

10: Compute Limg2txt with Equation (5)
11: Compute Ltxt2img with Equation (6)
12: LV DTDG = Limg2txt + Ltxt2img

13: Update F(·) with LV DTDG

14: end for
15: end while

from the data for robust re-identification; (2) AdaFreq [6]
leverages ViTs to enhance high-frequency feature learning
via a data augmentation strategy and high-frequency infor-
mation extraction for wildlife ReID; (3) CLIP-ReID [8]
exploits the power of CLIP with prompt learning, out-
performing previous CNN- and ViT-based ReID methods;
(4) CLIP-FineTuning (CLIP-FT) is a baseline variant,
which involves refining the visual concepts learning for An-
imal ReID through CLIP’s image encoder adaptation; and
(5) CLIP-ZeroShot (CLIP-ZS) relies on the pre-trained
CLIP’s image encoder for the inferences, exploring the
zero-shot capabilities of CLIP for Animal ReID.
Evaluation Metrics. We employ two metrics for
ReID tasks to evaluate CARE: mean Average Preci-
sion (mAP) [15] and Cumulative Matching Characteris-
tics (CMC) [9]. Here, mAP assesses the model’s overall



Dataset w = 2 w = 4 w = 8 w = 16
mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1

Tiger 54.3±.4 93.8±.3 56.8±.2 95.3±.1 53.8±.4 93.9±.1 53.5±.9 94.5±.6
Cattle 93.3±.2 98.8±.3 95.8±.2 99.7±.3 93.4±.1 98.8±.3 92.4±.4 98.8±.1
Lion 39.0±.1 53.7±.4 40.3±.3 55.3±.2 39.2±.1 54.9±.2 39.2±.1 54.6±.2
Dog 87.6±.3 95.9±.5 89.0±.2 95.4±.4 87.4±.2 95.5±.1 87.1±.2 95.3±.2
Panda 35.8±.1 47.7±.3 37.3±.2 48.2±.4 37.1±.2 47.9±.7 37.1±.5 49.0±.3
Sea Star 83.9±.4 98.3±.2 88.6±.4 99.6±.1 83.5±.5 98.1±.2 83.3±.6 98.1±.2
Nyala 16.5±.3 28.4±.9 16.6±.1 29.0±.2 16.0±.8 27.3±.9 15.8±.0 25.9±.5
Stoat 90.6±.3 97.5±.0 90.6±.1 96.9±.5 90.5±.4 96.9±.9 90.1±.3 95.0±.0

Table 1. Analysis of the number of learnable textual tokens (w) in image-specific textual descriptions generated from VDTDG.

Dataset γ = 0.1 γ = 0.3 γ = 0.5 γ = 0.7 γ = 0.9
mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1

Tiger 55.4±.1 95.1±.1 53.8±.2 94.5±.4 53.0±.2 93.5±.2 56.8±.2 95.3±.1 53.1±.2 94.1±.3
Cattle 94.0±.2 100.0±.0 95.1±.3 100.0±.0 94.7±.2 100.0±.0 95.8±.2 99.7±.3 94.9±.2 99.7±.3
Lion 39.6±.2 54.1±.6 40.2±.5 52.9±.7 39.8±.2 52.9±.9 40.3±.3 55.3±.2 40.6±.3 56.2±.9
Dog 88.6±.2 96.4±.4 88.5±.2 95.9±.4 89.1±.1 95.9±.2 89.0±.2 95.4±.4 88.9±.1 95.4±.2
Panda 36.6±.2 49.5±.5 36.4±.2 47.3±.3 36.8±.1 47.9±.6 37.3±.2 48.2±.4 36.7±.1 47.7±.7
Sea Star 85.9±.1 97.6±.1 87.5±.1 98.0±.1 88.5±.1 99.1±.2 88.6±.4 99.6±.1 88.7±.2 99.1±.1
Nyala 16.0±.1 27.5±.5 16.2±.2 28.6±.4 16.4±.0 28.2±.2 16.6±.1 29.0±.2 16.3±.1 29.0±.2
Stoat 90.2±.1 95.6±.5 90.1±.3 96.2±.6 89.9±.1 95.0±.0 90.6±.1 96.9±.5 89.4±.2 95.0±.0

Table 2. Analysis of the effect of the margin (γ) in triplet loss Ltri.

Algorithm 2 Individual-Specific Textual Prototypes Fusion

1: Input: D = {(XD,YD)}: entire training dataset with
a size of ND; F : optimized VDTDG.

2: Output: TBank ∈ RΦ×d: memory bank to store the
textual prototypes of all individuals.

3: Initialize I(·) and T (·) from the pre-trained CLIP.
Initialize a memory bank TBank.

4: for each distinct identity ϕ in D do
5: Retrieve all samples, {(xi, y

c
i )}ni=1, with the iden-

tity ϕ from D.
6: Compute the image-specific textual descriptions of

these retrieved n samples with the optimized F .
7: Compute the textual prototype for the individual

with the identity label ϕ through a mean pooling fu-
sion and store it into the memory bank TBank.

8: end for

retrieval performance through the average precision com-
putation across all query images from the Query Set Q,
highlighting the comprehensive capability of ReID mod-
els. CMC measures the model’s ability to identify the cor-
rect match within the top-k ranked gallery images from the
Gallery Set G, revealing the number of images that have to
be examined to achieve a desired level of performance. We

Algorithm 3 CARE Phase 2: Semantic Feature Alignment
for Animal ReID

1: Input: D = {(XD,YD)}: training dataset with a batch
size B; TBank: memory bank.

2: Output: I: optimized CLIP’s image encoder.
3: Initialize I(·), T (·), and s(·, ·) from the pre-trained

CLIP.
4: while in fine-tuning CLIP’s image encoder do
5: for (xi, y

c
i ) in (XD,YD) do

6: vxi
= I(xi)

7: tyc
i
= TBank[i] ▷ extract the individual-specific

textual prototype from the memory bank TBank

8: Compute Lid with Equation (8)
9: Compute Ltri with Equation (9)

10: Compute Li2pCon with Equation (10)
11: LFA = Lid + Ltri + Li2pCon

12: Update I(·) with LFA

13: end for
14: end while

report the mAP and CMC accuracy at Rank-1. All perfor-
mance measures are averaged over ten runs, along with their
corresponding 95% confidence intervals.



(a) Visualization of text fea-
tures for each individual af-
ter training the VDTDG in
Phase 1.

(b) Visualization of visual
features for each individual
after finetuning CLIP’s im-
age encoder in Phase 2.

Figure 1. t-SNE [12] visualizations of text and visual features
for 15 individuals from the IPanda50 [14] dataset. Each color
represents a distinct individual. The cross shape in (b) depicts the
individual-specific textual prototype of each individual.

D. Further Analysis

Sensitivity Analysis. Table 1 presents an analysis of how
the number of learnable textual tokens (w) in image-specific
textual descriptions generated by VDTDG impacts the per-
formance of the CARE framework on Animal ReID. We
investigate the sensitivity to the expressiveness of the gener-
ated prompts and evaluate the performance across eight An-
imal ReID datasets for w values ranging from 2 to 16. The
results suggest that learning 4 textual tokens is sufficient to
capture the semantic features from the visual streams.

Table 2 shows a sensitivity analysis of the margin (γ) in
triplet loss, evaluating its impact on CARE’s performance
across various animal datasets. The study reveals that a
margin of γ = 0.7 yields the highest overall performance
(mAP) for five datasets. This indicates that enforcing a
greater separation between positive and negative samples
is crucial for learning highly discriminative features in Ani-
mal ReID, due to the inherent visual challenge of low inter-
identity variations in animals.
t-SNE. Figure 1a illustrates the text features of the learned
image-specific textual descriptions from VDTDG for each
individual. The images within an individual are associated
with slightly different textual tokens, capturing the individ-
ual’s semantic features across various visual streams. Fur-
thermore, the clusters of textual tokens across individuals
are clearly separated, mirroring the structured patterns ob-
served in the visual features shown in Figure 1b. Figure 1b
highlights the relationship between the individual-specific
textual prototypes and the visual features. The visual em-
beddings are optimized to cluster around the correspond-
ing textual prototypes, where each individual cluster ex-
hibits clear margins. This demonstrates the effectiveness of
individual-specific textual prototypes in distinguishing indi-
viduals, thereby enhancing Animal ReID performance.
Analysis of Grad-CAM Failure Cases. We analyze Grad-
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Figure 2. Grad-CAM [11] visualizations for the failure cases on
the NyalaData [2] and Stoat datasets. We show the Grad-CAM
failure samples with a comparison between the baseline method
(top row) and our proposed framework (bottom row). Two distinct
individuals of each species are displayed.

CAM failure cases using samples from the NyalaData [2]
and Stoat datasets. Figure 2 presents visualizations from
both the baseline method and CARE for two distinct indi-
viduals within the same species. The results indicate that,
in some instances, models attend to spurious features, such
as background elements, rocks, grass, and surrounding veg-
etation, when re-identifying individual animals. This limi-
tation could degrade the model’s generalizability, especially
when images of the same individual are captured in differ-
ent environments or when distinct individuals appear in vi-
sually similar surroundings. Compared with the baseline,
our proposed framework directs most of its attention to the
animals themselves (e.g., the Nyala’s upper torso and the
Stoat’s body), though some residual focus on contextual
background remains.
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