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Abstract

Wildlife re-identification (Re-ID) is critical for non-invasive
monitoring. Yet, animal Re-1D performances remain far be-
hind person Re-ID due to limited datasets and a greater
fine-grained appearance variability between individuals.
One strategy is to adopt part-based methods in order to
more precisely attend to distinct anatomical regions. To
adapt to animal Re-ID, we propose PAW-VIiT (Part-AWare
animal re-identification Vision Transformer), a ViT that re-
places the standard classification token with K learnable
part tokens, each specialized to a specific anatomical region
of the animal. Spatial specialization is achieved via feature-
based knowledge distillation by training each token’s atten-
tion to image patches to produce a semantic segmentation
mask. An additional aggregation token fuses the part em-
beddings into a single part-aware descriptor. Trained with a
multi-task loss, PAW-ViT outperforms state-of-the-art meth-
ods in animal Re-ID on ATRW (Amur tigers) and YakREID-
103 (yaks), particularly in scenarios of strong viewpoint
variations like the cross-camera setting.

1. Introduction

With the rapid evolution of video monitoring systems, ob-
ject re-identification (Re-ID) has emerged as an important
challenge in computer vision. Given a guery image, the goal
is to develop a model to automatically retrieve images of the
same individual from a gallery of different images, despite
the variations in viewpoint, illumination or occlusions [7].
Figure 1 illustrates this task.

Deep learning has driven most recent advances, relying
mainly on convolutional neural networks (CNNs) and, more
recently, vision transformers [35, 37]. Deep learning is also
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Figure 1. Overall schema of the re-identification task: given a
query image, the Re-ID model must find images of the same indi-
vidual in the gallery.

being adopted for animal Re-ID [13, 15, 22, 46]. Automated
wildlife identification enables non-invasive monitoring and
tracking, consequently allowing a better understanding of
animal population dynamics and efforts on wildlife conser-
vation. However, animal Re-ID still lags far behind person
Re-ID. Some reasons to explain this gap are the fine-grained
variability between individuals, the broad range of camera
viewpoints, natural habitats, and large pose variations. Ad-
ditionally, the available animal benchmarks are both fewer
and smaller than those for humans.

Many methods exploit pose or part annotations to focus
on discriminative regions of animals [9, 14, 16]. For exam-
ple, Liu et al. [16] achieves the best performances on the
ATRW (amur tiger Re-identification) [15] dataset by de-
composing each tiger image into pose-aligned rectangles.
Despite their strong performance, pose-based methods de-
pend on metadata that are difficult to annotate manually and
are often unavailable.

To overcome this, we introduce PAW-ViT (Part-AWare
animal re-identification Vision Transformer), a part-based
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Figure 2. Illustration of attention masks generated by PAW-ViT’s
part tokens, our approach, on an image of the ATRW dataset. By
column: 1. Hind legs, 2. Body, 3. Front legs, 4. head, 5. tail, 6.
background.

ViT [4] that leverages pose information in learning phase
without manual pose annotations. Rather than a single
[CLS] token, PAW-VIiT prepends K learnable part tokens
to the patch embeddings, each guided to specialize in an
anatomical region (e.g. head, body, tail) of the animal. The
K tokens are trained jointly to predict identity, orientation
(e.g. left, right), and part masks. Fig. 2 shows attention
masks of PAW-ViT’s extra tokens on an image of the ATRW
dataset, illustrating that PAW-ViT successfully decomposes
re-identification into localized anatomical parts, supporting
both strong accuracy and interpretability.

In the next section, we review works on object Re-ID,
focusing on animals. Section 3 details our proposed ar-
chitecture PAW-VIT, and section 4 reports benchmarks on
two well known animal Re-ID datasets, showing that our
method achieves strong performances when compared to
the current state-of-the-art (SOTA) methods.

2. Related Work

Person Re-Identification. Object Re-ID has seen its
most rapid progress in the person Re-ID domain with the
proposal of large benchmarks such as Market-1501 [43],
MSMT17 [33], and DukeMTMC-reID [25]. Early meth-
ods relied on CNN backbones trained with identity classifi-
cation (cross-entropy) loss [44], and metric learning losses
like triplet loss [10], ArcFace [3], and circle loss [29]. More
recently, Vision Transformers have been employed, exploit-
ing the global self-attention that allows transformers to at-
tend to the entire image at once, rather than the local re-
ceptive fields of CNNs, enabling long-range dependencies
[1, 8, 45].

To deal with the fine-grained aspects of person Re-ID,
some part-based methods were proposed. PCB [28] uni-
formly partitions convolutional feature maps into horizon-
tal stripes, learning a separate descriptor for each part.
In occluded person Re-ID, where visible regions must be
matched while occluded parts ignored, part-based methods
are crucial [23, 32]. Using a ViT, Somers et al. [27] pro-
poses KPR, applying a token-wise part classification loss to

ignore occluded tokens.

Animal Re-Identification. As stated by Ravoor et al.
[24], “’the shape or form of the animal varies significantly
compared to that of humans, since human movements in-
volve smaller changes”. This underscores the need for ded-
icated animal Re-ID methods rather than directly applying
those developed for human Re-ID.

Some studies explore the development of general Re-
ID methods to handle multiple species. Cermdk et al.
[46] presents WildlifeDatasets, a toolkit compiling various
public wildlife re-identification datasets. They introduce
MegaDescriptor, a Swin Transformer trained with ArcFace
[3]. Jiao et al. [13] developed UniReID (Universal RelD),
a model capable of identifying wildlife animals unseen in
training phase. A problem with such general methods is
that they can underperform when compared to specialized
approaches, as each species relies on distinct visual cues.

Species-specific Re-Identification. Many studies fo-
cus on a single species under constrained settings (con-
trolled environments, fixed viewpoints, or focusing on spe-
cific parts like the animal’s face) [2, 20, 21]. Although these
methods generally achieve good performances in those sce-
narios, they may struggle when applied in the wild.

For full-body animal Re-ID in uncontrolled settings,
Li et al. [15] proposed the ATRW (Amur tiger Re-
identification in the Wild) dataset. Many solutions have
been proposed to the re-identification of amur tigers [17,
38, 39], Liu et al. [16] uses ground-truth pose keypoints
to extract part features, Yu et al. [38] focused on enhanc-
ing the performances by computing the shortest path be-
tween corresponding local parts. Zhang et al. [42] cre-
ated the YakReID-103, benchmarking both animal-specific
methods (e.g. PGCFL [17]) and person Re-ID models (e.g.
PCB [28]). They propose RERP [14], which boosts per-
formances via random erasure and region-visibility predic-
tion. These methods highlight the effectiveness of part-
aware models, which sometimes require costly manual an-
notations.

PAW-VIiT benefits from part-based feature learning with-
out ground-truth pose labels. Beyond introducing learnable
part tokens to the ViT, we use an off-the-shelf pose esti-
mator and a segmentation ensemble to generate pseudo se-
mantic segmentation masks. Through knowledge distilla-
tion [5, 11], each part token’s attention over image patches
is reconstructed into an attention map that serves as its
predicted mask. This transfers spatial knowledge to the
model and reduces reliance on spurious background cues
[19, 22, 31, 36].

3. Method

In this section, we detail our proposed PAW-ViT (Part-
AWare animal re-identification Vision Transformer). We
begin by describing the PAW-VIT overall architecture,
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Figure 3. PAW-VIiT overview. We prepend K part tokens plus one background token to the ViT. An Attention-to-Mask (ATM) decoder
converts each token’s attention over image tokens into a mask, supervised via semantic segmentation distillation. An aggregation block
pools the K part features (background excluded) into a single descriptor trained with triplet and ID losses. Part tokens are supervised with
individual orientation losses. At inference, only 7’444 is used, all modules inside the gray box are removed.

which adapts the vision transformer to learn from distinct
animal parts. We then explain how we apply knowledge
distillation from semantic segmentation masks to transfer
spatial knowledge to PAW-VIiT, and introduce an aggrega-
tion block that fuses the part-specific features into a single
robust Re-ID descriptor. We conclude by discussing the loss
functions used in our multi-task learning framework. The
complete architecture is illustrated in Fig. 3.

3.1. PAW-ViT

PAW-VIT is an adaptation of the ViT, given an input im-
age I € R¥*HXW T is first divided into a sequence of
flattened patches. A patch-embedding layer (here, a sin-
gle 2D convolution layer with stride d and C' output chan-
nels) projects these patches into N = % X % patch tokens,
Tpatches € RVXC where d = 16 and C = 768 for the
default ViT-Base.

The core architectural change in PAW-ViT is the replace-
ment of the single [CLS] token by K learnable part tokens,
each corresponding to a predefined anatomical part of the
animal, and one background token, resulting in the set of
tokens 7' € RIWHK+TDXC  The tokens are added to po-
sitional embeddings and processed by a series of standard
transformer blocks (Multi-Head Self-Attention and Feed-

Forward Network). We use ViT weights pretrained on Ima-

geNet', but the additional tokens are initialized randomly.

3.2. Distilling masks with the ATM decoder

To encourage each part token to attend a specific anatomical
region, we supervise it with pseudo semantic segmentation
masks given by a frozen teacher (an ensemble of segmenta-
tion and animal pose estimation models). We realize this
spatial supervision with an Attention-to-Mask (ATM) de-
coder, a lightweight decoder that uses the spatial informa-
tion in transformer’s attention maps to generate mask pre-
dictions.

ATM was originally introduced for SegViT [41], a vision
transformer for semantic segmentation. We adapt ATM to
PAW-ViT with some major changes: we apply a single ATM
block on the final Transformer layer rather than at multiple
layers, we keep only the cross-attention that measures sim-
ilarity between part tokens and image tokens, and we ag-
gregate the similarity of multiple heads by calculating their
average. Fig. 4 illustrates the block.

Let Tharts € RETDXC be the K part tokens plus one
background token, and Tpatches € RVXC the image patches
tokens. We obtain queries and keys via linear projections
through Feed-Forward Neural Networks (FFN):

Thttps://github.com/huggingface/pytorch-image-models
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Figure 4. [llustration of the adapted ATM decoder.

Q = WQ TPartsa
K= WK TPatchesa

where W& and WX are the weight matrices of the FFNs.
We then calculate the scaled dot-product that gives us the
similarity between the parts and the image tokens:

QK" c REX(K+1)xN
VC/H ’
where H is the number of attention heads fixed to 12 in
standard ViT-base. The ATM decoder converts these sim-
ilarities into masks Mg by applying a sigmoid. The soft-
max, commonly used in attention mechanism, is not used
here because it normalizes scores to sum to 1, which can al-
leviate strong similarities. The sigmoid treats each location
independently, preserving high-attention regions. Finally,
to encourage all cross-attention heads to focus on the same
region, we average the per-head masks.

Given the teacher masks My € RUEETVXF

5(Q, K) =

77, we re-
shape the averaged maks Mg € RUKHDXN to 3 spatial grid
(K +1) x & x % and then upsample by a factor r = %
using bilinear interpolation to obtain the final mask Mg. By
default, we set f = 4, so for d = 16 the upsampling factor

isr=4.
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Figure 5. Illustration of the aggregation block.

As shown in Fig.
inference.

3, the ATM decoder is not present at

3.3. Aggregation block

Two problems may arise when decoupling the animal re-
identification into parts. First, to match two different indi-
viduals, we compare their feature vectors, if each individual
is now represented by K part tokens, we slow down our in-
ference by K times. Furthermore, not all parts are equally
visible, and some parts are more discriminative than oth-
ers. For example, for amur tigers the most important part is
the body, from where we extract the stripes patterns that al-
low us to distinguish different individuals. To address this,
we introduce a lightweight aggregation block that learns to
fuse the part tokens into a single optimized descriptor. The
aggregation block is described in Fig. 5.

This block introduces a new learnable aggregation token
Thyy € R®, and employs a simple cross-attention mech-
anism. The aggregation token provides the query via a
learned linear projection, while the set of K part tokens pro-
vides the keys and values:

Q=WC9T},,.
K = WKTPartsa
V= WVTParts~



The attention weights are computed and used to infer the
final descriptor:

o; = softmax( QK ),

JO/H

K
/
Thyg =Y i Vi,
=1

which is then processed by a LayerNorm and a FFN, to form
the final Re-ID descriptor:

Tagg = FFN(LayerNorm(7" o44)).

Differently from the classic cross-attention, we do not
apply residual connection. At inference, only T'444 is used
as the final Re-ID descriptor, ensuring matching speed is
independent of the number of parts K, and capturing which
parts are more descriptive. As with the part tokens, 77/  is
randomly initialized. Notice that, in order to ignore back-
ground cues, the background token is not an input of this
aggregation block.

3.4. Loss functions

The overall training objective is a weighted sum of four dis-
tinct loss functions.

The primary re-identification losses are aplied to the ag-
gregation token T'4gc. We apply an identity loss, which is
a cross-entropy loss:

c
Lip=~— Z Yiq1og (954) (1)

c=1

where y7; is the ground-truth identity and C is the number of
training identities. 144, is first passed through a BNNeck
layer [18] before the fully connected classifier (see Fig. 3).

To learn a discriminative embedding space, we also ap-
ply metric learning to the aggregation token via triplet loss
[26]. The loss is defined as:

£TRI = max(O, d(TAgg, Tqu) —d(TAgg, T;gg

)+m), (2)

where d denotes a distance function, m is a scalar defining

the margin, T4, is a given anchor feature, TXg g 1S a posi-

tive sample of the same identity as the anchor, and 7'y is a
negative sample of a different identity. The triplet loss pulls
positives closer to the anchor and pushes negatives apart for
at least the given margin m. We use the online batch hard
triplet mining [10], which involves, to each anchor, select-
ing the positive sample with the highest distance and the
negative sample with the lowest distance at each epoch of
training.

Following prior work [14, 17, 39], we use a binary cross-
entropy loss for orientation (e.g. left or right). However, in

contrast to these methods, we apply this loss to each part
token individually rather than to a global feature, improving
viewpoint robustness.

V)
Lon =~ 3 [y log(92,) + (1 — yor) log(1 — 42,/
=1

3)
where V is the set of visible parts V = {i | Jz,y :
M;Z) (z,y) = 1}, yor € {0,1} is the ground-truth orien-
tation label for token P;, and .. the predicted orientation
from token 7. We also apply a BNNeck before passing the
tokens through the classifier. We test our method on datasets
that provide y,,, but notice that on datasets without such la-
bels, our pseudo semantic segmentation masks make it pos-
sible to deduce the orientation.

The distillation loss Lss(M7r, Mg) is a combination of
the exponential logarithmic Dice loss (L p;c.) and the ex-
ponential cross-entropy (L¢ross) proposed by Wong ef al.
[34], that is denoted by:

Lss = LE;cp = WpiceLDice + WerossLcross.  (4)
Given that:
Lpice = E[(—In(Dice;)) "],
Lcross = E[’wl (— lnpl (X))’YCmssL
with
23, (Biago pi(x)) + e
Zx(ail(x) + Zx pz(x)) + e ’

where x represents the pixel, ¢ the labels (including
background), [ the ground-truth label, E[-] the mean value,
pi(x) the softmax probability for class 4, d;; is the Kro-
necker delta that is 1 when [(z) = i, € is a small constant,

Dice; =

and w; = (Zk fk/fl)l/2 weights classes by inverse fre-
quency. We use this loss because it is adapted to handle ob-
jects of unbalanced sizes. The animal parts sizes are highly
unbalanced, for example, the body of animals appears far
more often and is much larger than the tail.

The full multi-task training loss is defined as:

L=Ngss + aLrrr + Lorr + Lip )

Here, A and « are constants that we applied to the distil-
lation and to the triplet loss. More details about the chosen
hyper-parameters will be discussed in section 4.2.

4. Experiments and Results

We begin by describing the datasets used to evaluate our
method, then detail the hyperparameters used in our experi-
ments, and benchmark PAW-ViT against SOTA animal Re-
ID methods, discussing the results. Finally, we analyze the
importance of each component of our multi-task loss.



4.1. Datasets

We evaluate PAW-VIiT on two challenging animal re-
identification datasets: the Amur Tiger Re-Identification
in the Wild (ATRW) [15], and YakReid-103 [42]. Both
datasets treat left-side and right-side views of the same ani-
mal as distinct identities (entity). For fair comparison, like
previous works [17, 38, 39, 42], we augment the training
data by horizontally flipping all images. The flipped images
are then treated as separate individuals, doubling the size of
the training set.

The ATRW dataset is a widely used benchmark, it con-
tains in the training set 1,887 images, 107 entities, and 75
tigers. For our experiments, we follow Liu et al. [17] and
use 1,824 images for training. The test set is divided in 701
images of 47 entities, and 42 tigers in the ’single-camera’
subset, where the query tiger appears in only one camera,
and 1061 images, 28 entities, and 20 tigers in the ’cross-
camera’ subset, where the tigers appear in multiple cameras.
The cross-camera set represents a significant challenge due
to larger variations in viewpoint, illumination, and back-
ground across different cameras.

The YakReid-103 training data consists of 1,404 images
of 121 entities and 103 yaks. The testing set is divided into
simple-testing and hard-testing. The simple-testing is com-
posed of 843 images and 61 entities. The hard-testing is a
subset of the simple set where images of the same individ-
ual with highly similar poses and backgrounds are manually
excluded. It contains 433 images and 61 entities.

4.2. Implementation details

We use ViT-Base with 16 x 16 patch size and a stride of 16,
input resolution of 256 x 256, and pseudo-masks of 64 x 64.
We use models pre-trained on ImageNet, but the additional
tokens and modules are initialized randomly. Input images
were normalized using mean of [0.5, 0.5, 0.5] and standard
deviation of [0.5, 0.5, 0.5]. We trained each model for 50
epochs using AdamW optimizer with a maximum learning
rate of 8.5 x 10~° and weight decay of 5x 10~*. We employ
a one-cycle learning rate scheduler with cosine annealing, 3
epochs of linear warm-up, initial learning rate of 1.7 x 10~7
and minimum of 6.8 x 10~°.

For data augmentation, we applied a random rotation be-
tween -15 and 15 degrees to both the input image and its
corresponding mask. Following PK sampling [40], each
mini-batch is composed of 128 images containing 8 indi-
viduals and 16 images per individual.

For the triplet loss, we employed the cosine distance as
distance metric with a margin m = 0.4. We set the triplet
loss constant to @ = 0.5. The weighting constant for the
semantic segmentation loss is set to A = 1 for ATRW and
A = 0.5 for the YakReID-103. For the semantic segmen-
tation loss, we set Yoross = VYDice = 1.2, Woross = 0.5
and wp;ce = 0.5. Furthermore, we apply label smoothing

Figure 6. Example of amur tiger pseudo-masks using K = 5.

[30] with smoothing of 0.2 to the cross-entropy loss to mit-
igate overconfident predictions. The hyper-parameters are
defined empirically.

Model performance was evaluated every 10 epochs using
standard Re-ID metrics such as the rank-k and mean Aver-
age Precision (mAP) [6,43]. We select the best model based
on the highest mAP. For both datasets, PAW-ViT achieves
its best performances at epoch 40.

Our experiments are run on a Nvidia A100.

4.3. Results

To ensure a fair comparison, we report the results as pub-
lished in the original papers of the respective methods. In
addition, we compare against a baseline, the pre-trained
ViT-B trained under the same settings as PAW-ViT. Since
most SOTA approaches rely on SE-ResNet50 [12], we also
train a SE-ResNet50 pre-trained on ImageNet to demon-
strate that the two backbones have comparable perfor-
mances.

4.3.1. ATRW Dataset

For the ATRW dataset, we define X' = 5 semantic parts:
head, body, tail, hind legs, and front legs (see Fig. 6). For
fair comparison, we follow prior works on the ATRW and
conduct evaluation by concatenating the features extracted
from the original and horizontally flipped images.

Table | presents the results. Here, mmAP is the mean
between single and cross-camera mAP. Treating PPGNet as
an upper bound, as it uses ground-truth pose and higher res-
olution, our method reaches the best mmAP. In the harder
cross-camera setting, it improves mAP by almost 1% over
the strongest SOTA method PGCFL. Note that the SE-
ResNet50 baseline outperforms ViT-B, yet PAW-ViT sur-
passes SOTA methods that rely on SE-ResNet50, which
makes this result particularly compelling as our approach
can be adapted to more performant transformer backbones.

PAW-VIiT substantially outperforms the ViT-B baseline,
raising the single-camera mAP by 3.8% and the cross-
camera by 3.2%. The single-camera rank-1 is improved by
2.3% and the cross-camera of 1.5%. Figure 7 shows one
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Figure 7. Top-5 retrieval comparison between ViT and PAW-ViT.
Below each image, the corresponding ID of the tiger.
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Figure 8. Example of yak pseudo-masks using K = 4.

retrieval ranking example for a query tiger image of ID 9.
PAW-VIT ranks the correct identity within the top-5 nearest
gallery images, whereas the ViT baseline returns 4 incorrect
identities.

4.3.2. YakRelID-103 Dataset

For the YakRelID-103 dataset, we define K = 4 parts: head,
body, hind legs, and front legs. Since the tail of the yaks
is almost attached to the body, we do not represent it as a
separate part. Fig. 8 shows one example of pseudo-masks.

Table 2 reports our final results on YakReID-103 along-
side AER [39], and SOTA baselines as reported by Zhang
et al. [42]. PAW-VIT significantly outperforms all prior
methods in the hard-testing split, our base model exceeds
PCN-RERP by 4.6% of mAP. Notice that the baseline al-
ready surpasses existing methods, suggesting that our train-
ing setup itself may constitute an additional contribution
to this dataset. Relative to the baseline, PAW-VIiT reaches
1.5% better mAP. Figure 9 shows a hard-split retrieval ex-
ample, the ViT baseline finds the correct identity at rank-1
but matches different identities within the other images of
the top-4, whereas PAW-VIiT returns correct matches among
the top-5 rank.

In the simple-testing split, PAW-ViT achieves 79.1%
mAP, 2.8% better than PCN-RERP, increasing the gap over
the baseline to 1.9%.

4.4. Ablation Study

We evaluate the contribution of each multi-task loss com-
ponent (Section 3.4) using PAW-ViT 256 x 256 model on
the ATRW dataset. Table 3 reports single- and cross-camera

Gallery

Distance

Figure 9. Top-5 retrieval comparison between ViT and PAW-ViT.
Below each image, the corresponding ID of the yak.

mAP and Rank-1.

First, training only with cross-entropy loss results in per-
formances that are very similar to the baseline, showing
that merely adding extra tokens brings no consistent benefit.
Adding triplet loss yields a clear gain of 3.4% single-camera
mAP and 1.0% cross-camera, demonstrating the importance
of metric learning. With the distillation loss, single-camera
metrics improve slightly, while cross-camera mAP rises by
0.9% and Rank-1 by 1.5%, indicating that the semantic seg-
mentation loss helps PAW-VIT to learn more robust, view-
invariant features, which is critical for real-world animal
Re-ID. Finally, the orientation loss on individual tokens fur-
ther boosts performances, especially the single-camera that
sees a gain of 1.3% of mAP. The orientation loss is espe-
cially important on the two tested datasets, where left/right
views are treated as distinct individuals, helping the model
to differentiate left and right features. On datasets where
identity is viewpoint-invariant, its benefit may be limited.

5. Conclusion

We introduced PAW-ViT, a part-based Vision Transformer
for efficient animal re-identification. By replacing the stan-
dard [CLS] token with K learnable part tokens and an
aggregation token, PAW-ViT combines fine-grained, part-
specific embeddings into a single descriptor, both reduc-
ing computational costs at inference time and automatically
weighting the most discriminative regions. During training,
each part token is guided to specialize on a specific part via
a multi-task loss that includes Re-ID, orientation, and se-
mantic segmentation objectives. Using pseudo masks gen-
erated from off-the-shelf segmentation and pose models, the
spatial knowledge is distilled through an attention-to-mask
decoder, that is used only during training, and discarded at
inference. Our approach stands out on complex scenarios,
closer to real-world applications, achieving SOTA mAP on
the amur tiger (ATRW) and YakRelID-103 datasets, and sig-
nificantly improving the performances over the ViT-Base
baseline.

PAW-ViT’s main limitation is its reliance on teacher-
generated masks. Some animals assume uncommon poses,
which degrade the pseudo annotations causing poor perfor-
mances. Furthermore, the number of parts, K, is currently



Single-Camera Cross-Camera

Method Backbone Resolution mmAP mAP R-1 R-5 mAP R-1 R-5
PPbM-a [15] ResNet50 256x128 629 74.1 882 964 517 768 91
PPbM-b [15] ResNet50 256x128 60.3 72.8 89.4 956 47.8 77.1 90.7
NWPU-ASGO [38] DenseNet 256x256 75.1 87.9 96.9 98.3 622 92.5 95.1
AER [39] SE-ResNet50 224x224 76.2 - 957 - - 880 -
PGCFL [17] SE-ResNet50 224x448 77.0 89.8 96.6 97.7 643 91.3 95.8
Baseline SE-Resnet50 256x256 74.2 84 959 98.6 644 86.7 94.2
Baseline ViT-Base 256x256 73.5 852 944 97.1 619 89.1 949
PAW-VIiT (ours) ViT-Base 256x256 77.1 89 96.7 98.6 65.2 90.6 95.2
PPGNet* [16] SE-ResNet50 256x512 779 89.6 994 994 66.3 90.8 97.7

Table 1. Comparison of performance on the ATRW dataset.
* Uses ground-truth pose annotations.
— Indicates that the result was not provided by the authors.

Simple-testing

Hard-testing

Method Backbone Resolution mAP R-1 R-5 mAP R-1 R-5
PGCFL [17] SE-ResNet50 224x448 694 942 96.1 59 85.1 91.8
PCB [28] ResNet50 384x128 70.9 947 97.1 648 899 942
AER [39] SE-ResNet50 224x224 — — — 661 923 —

PCN-RERP [14] SE-ResNet50 288x488 76.3 97.6 98.1 68.6 91.8 933
Baseline SE-Resnet50 256x256 777 97.6 983 719 928 942
Baseline ViT-Base 256x256 772 95.6 98.1 71.7 93.7 96.1
PAW-VIiT (ours) ViT-Base 256x256 79.1 96.1 96.8 73.2 92.8 96.6

Table 2. Comparison of performances on the YakReID-103 dataset.
— Indicates that the result was not provided by the authors.

Single-Camera Cross-Camera

weighting, suggesting room to explore rebalancing strate-

ECE ACTRI ﬁss EOR mAP R-1 mAP R-1
v 84 94.7 62.5 88.8
v v 87.4 95.6 63.5 88.5
v v v 87.7 96 64.4 90
v v v v 89 96.7 65.2 90.6

Table 3. Ablation study of PAW-ViT on the ATRW dataset.

selected as a fixed hyperparameter prior to training. In fu-
ture studies, we plan to explore more robust mask genera-
tion and develop a method to automatically determine the
optimal K.

A second limitation is the joint optimization of distil-
lation and re-ID from the very start, when part tokens are
random and unspecialized. For now, we balance this with
a single hard weight A on the distillation loss. In future
work, we should include a multi-task balancing mechanism.
We already obtain strong results without careful multi-task

gies that emphasize distillation early (while tokens special-
ize) and then shifts weight toward the Re-ID objective.

Finally, hyper-parameters related to the distillation loss
could be explored, like Yoross, YDice> WDice, aNd Weross,
used in the distillation loss. We can also explore varying the
number of parts K on different species.

We believe PAW-ViT represents a significant step to-
ward accurate, explainable, and annotation-free animal re-
identification, with clear applications in wildlife monitoring
and conservation.
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