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Abstract. Generalizable animal Re-Identification (ReID) aims to rec-
ognize individual animals across species with diverse morphologies and
ecological contexts. Unlike person ReID, where different domains share
similar body structures, animal species often exhibit drastically different
anatomical structures and visual patterns, making it difficult to estab-
lish shared visual correspondences. As a result, representations learned
across species tend to form fragmented embedding spaces, which severely
limits cross-species generalization. To address this challenge, we pro-
pose Semantic Consistency Learning (SCL), a framework designed to
learn representations that remain stable across appearance variations
while preserving semantic structures shared across species. SCL con-
sists of two complementary components. Foreground–Background De-
coupled Spectral Normalization (FDSNorm) stabilizes feature statistics
by suppressing environment-induced style variations in a region-aware
manner, while Cross-species Neighborhood Modeling (CNM) captures
transferable relational structures across species through dynamic fea-
ture neighborhoods. Extensive experiments on 11 public animal ReID
datasets demonstrate that SCL consistently outperforms state-of-the-art
methods under multiple cross-species evaluation protocols and general-
izes effectively to previously unseen species and ecological domains. Code
is available at https://github.com/Kemalau/ECCV-26-SCL.
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1 Introduction

Animal re-identification (ReID) aims to recognize the same animal individual
across different times, viewpoints, and environmental conditions [20,48]. It plays
a critical role in ecological monitoring, wildlife conservation, and long-term pop-
ulation analysis. While remarkable progress has been achieved in person and
vehicle ReID [9,10,31], these tasks are typically studied in relatively structured
environments where objects share consistent geometric layouts and appearance
statistics. In contrast, animal ReID operates in open-world scenarios that involve
diverse species, complex habitats, and highly varying visual characteristics. An-
imals from different species exhibit substantial variations in body morphology,
* Equal contribution. † Corresponding author.
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Fig. 1: Multi-level domain discrepancies in animal ReID, including individual, breed,
and species level variations beyond viewpoint and pose changes.

texture patterns, and environmental context. These factors introduce severe dis-
tribution shifts that go far beyond the viewpoint or illumination changes com-
monly addressed in human-centered ReID tasks. As a result, developing models
that can generalize across species remains a fundamental challenge.

Most existing animal ReID studies focus on a single-species setting, where
models are trained and evaluated using data from one specific species [22,26,34,
40]. Under this formulation, models can learn discriminative representations tai-
lored to the appearance statistics of that species and achieve strong performance
on curated benchmarks. However, such a paradigm limits model reusability in
real-world applications. Each new species often requires collecting additional
data, annotating identities, and retraining models. To address this limitation,
recent work has begun to explore multi-species animal ReID, which aims to
train a unified model using data from multiple species and generalize to unseen
species or new ecological domains. Some approaches attempt to improve robust-
ness by constructing larger and more diverse datasets [7, 18, 20], while others
focus on extracting richer visual cues such as local discriminative patterns [33]
or high-frequency information [25]. Although these methods improve recognition
accuracy on known species, they mainly enhance instance-level discrimination
within species and do not explicitly model how representations should be shared
across species. Consequently, the learned embeddings often fail to generalize to
unseen species or ecological domains.

In the person ReID community, domain generalization (DG) has been widely
studied to address distribution shifts between source and target domains [19,23,
54]. Existing DG approaches typically aim to learn domain-invariant represen-
tations in order to improve cross-domain robustness. Representative techniques
include feature disentanglement [29, 57], style normalization [21, 38], and meta-
learning [12,37]. These methods are effective in mitigating variations caused by
viewpoint, pose, and illumination changes. However, they implicitly rely on the
assumption that objects across domains share consistent semantic structures.
For example, human bodies exhibit stable part layouts and similar geometric
configurations across domains. This assumption rarely holds in animal ReID.
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As illustrated in Figure 1, animals present substantial discrepancies at the in-
dividual, breed, and species levels. Cross-species variations in body morphology
and semantic structure are significantly larger than those encountered in person
ReID. Therefore, existing DG methods struggle to learn transferable represen-
tations for multi-species animal ReID.

These limitations indicate that effective cross-species animal ReID requires
representations that remain robust to appearance variations while preserving
semantic structures shared across species. To this end, we propose a Semantic
Consistency Learning (SCL) framework. The key idea is to stabilize appearance
statistics while maintaining structural information in the learned representa-
tions. Specifically, to mitigate representation instability caused by environmental
and species variations, we introduce Foreground–Background Decoupled Spec-
tral Normalization (FDSNorm), a frequency-domain normalization mechanism
that decouples foreground and background regions for adaptive spectral mod-
ulation. Unlike existing normalization strategies that suppress style variations
globally in spatial or spectral spaces, our approach explicitly accounts for seman-
tic differences across regions. We preserve the original phase information while
adaptively modulating amplitude spectra in different semantic regions, enabling
structure-preserving style control under cross-species domain shifts.

However, stabilizing feature statistics alone does not explicitly model cross-
species relationships in the embedding space. To address this limitation, we in-
troduce Cross-species Neighborhood Modeling (CNM), which captures relational
structures across species through dynamic neighborhood construction. Specifi-
cally, CNM discovers mutual neighbors to form both intra-species and inter-
species neighborhoods, enabling the model to learn from relational topology
rather than relying solely on appearance similarity. This mechanism encourages
the learning of structural regularities shared across species while preserving dis-
criminative capability within each species. In summary, our main contributions
are as follows:

– We introduce Foreground–Background Decoupled Spectral Normalization
(FDSNorm), a frequency-domain normalization mechanism that decouples
foreground and background regions for adaptive spectral modulation. By pre-
serving phase information while modulating amplitude spectra, FDSNorm
suppresses appearance variations and stabilizes feature representations un-
der cross-species domain shifts.

– We propose Cross-species Neighborhood Modeling (CNM), which explicitly
captures relational structures across species through mutual neighbor dis-
covery. CNM dynamically constructs intra-species and inter-species neigh-
borhoods, enabling the model to learn shared semantic regularities across
species while preserving discriminative capability within each species.

– We introduce two complementary evaluation protocols for cross-species ani-
mal ReID to enable a comprehensive evaluation of generalization to unseen
species. Extensive experiments on 11 public datasets demonstrate consistent
improvements over competitive state-of-the-art methods.
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2 Related Work

Object ReID. Re-Identification (ReID) has made substantial progress, with a
large body of work focused on person and vehicle identification [8, 47, 51, 56].
This has produced many powerful methods, from strong convolutional base-
lines [32, 44] to more recent transformer-based [15] and vision-language [27] ar-
chitectures. While these general-purpose frameworks are versatile, their standard
implementation requires training a separate, species-specific model for each an-
imal category when adapted for animal ReID. Concurrently, a distinct line of
research has emerged that focuses specifically on the challenges of animal ReID.
These methods are tailored to specific intra-species challenges, such as identi-
fying livestock by coat patterns [3], re-identifying tigers by their unique stripe
patterns [26], using high-frequency supervision for fine-grained details [25], or ad-
dressing pose variation with 3D models [55]. These domain-generalizable ReID
methods rely on consistent body structures and shared semantic correspondences
across domains. In cross-species animal ReID, drastic differences in anatomy and
visual patterns break this assumption, limiting their ability to learn transferable
representations.

Domain Generalized ReID. DG ReID has a substantial literature, partic-
ularly in person ReID [19, 35], aiming to improve generalization under changes
in scene, viewpoint, and illumination. Various approaches have been explored to
achieve this. One line of work focuses on normalization-based methods [12, 21],
which suppress camera/style statistics to preserve identity cues. Other strategies
include employing Mixture-of-Experts (MoE) [13, 46] to structure domain vari-
ability. These models typically require predefined experts for known domains,
making them ill-suited for unseen species. Methods using memory banks [28,43]
stabilize matching across domains, but their efficacy diminishes in animal ReID
due to high inter-species similarity and vast intra-species diversity, which can
pollute the memory bank. Meta-learning frameworks [4, 54] have also been pro-
posed to simulate test-time shifts. Their limitation lies in the simulation: the
meta-tasks often simulate variations in viewpoint or illumination, failing to pre-
pare the model for the drastic object-type shift encountered when generalizing
to a new animal species. More recently, data-driven routes like BAU [11] empha-
size augmentations, and CLIP-based methods [52, 53] leverage vision-language
priors. While powerful, standard CLIP priors often capture species-level seman-
tics rather than fine-grained individual identity, requiring significant adaptation.
Training-free approaches such as Pose2ID [50] leverage pose priors at test time,
but their reliance on structured human pose limits applicability to animal ReID.

Multi-species ReID. More recently, large-scale animal ReID foundation
models such as MegaDescriptor [7] and MiewID [39] have been proposed, lever-
aging massive community-curated datasets to train unified embedding networks.
UniReID [20] specifically adapted CLIP-based architectures to tackle domain
generalized animal ReID and contributed the large-scale Wildlife71 dataset.
Community benchmarks such as AnimalCLEF [2] further promote evaluation
of individual animal recognition at scale. However, these studies mainly focus
on constructing large-scale datasets and adopt conventional instance-level met-
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Fig. 2: Overview of the proposed Semantic Consistency Learning framework. The up-
per part illustrates the Foreground–Background Decoupled Spectral Normalization,
while the lower part presents Cross-species Neighborhood Modeling.

ric learning objectives commonly used in ReID. They do not explicitly design
mechanisms for generalization to completely unseen species.

3 Method

3.1 Overview

The objective of multi-species animal ReID is to learn a unified representation
that preserves individual-level discriminability while generalizing across species
with diverse morphologies and ecological environments. However, jointly learning
representations from heterogeneous species introduces substantial distributional
discrepancies. Differences in texture patterns, body structures, and environmen-
tal contexts lead to unstable feature statistics and hinder the formation of a
coherent embedding space. As a result, representations learned from different
species tend to cluster around species-specific appearance statistics rather than
capturing transferable semantic structures.

Furthermore, many existing ReID approaches rely on alignment-based learn-
ing strategies that exploit shared visual cues or explicit correspondences across
samples. While effective in person ReID or single-species settings, such assump-
tions rarely hold across species with drastically different anatomies and visual
characteristics. Consequently, these methods struggle to establish consistent
cross-species representations and often produce fragmented embedding spaces
with limited generalization to unseen species. Domain generalization methods
developed for person ReID attempt to mitigate distribution shifts by learning
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domain-invariant representations through techniques such as feature disentangle-
ment, style normalization, or meta-learning [11, 38]. However, these approaches
implicitly assume comparable semantic structures across domains. In the multi-
species setting, where anatomical structures and visual semantics differ substan-
tially, this assumption becomes invalid, limiting their ability to capture trans-
ferable representations across species.

To address these challenges, we propose the Semantic Consistency Learn-
ing (SCL) framework, which promotes stable and transferable feature learn-
ing through two complementary components. As illustrated in Figure 2, (1)
Foreground–Background Decoupled Spectral Normalization (FDSNorm) intro-
duces a region-aware frequency-domain normalization mechanism that suppresses
environment induced style variations while preserving structure-sensitive seman-
tics. (2) Cross-species Neighborhood Modeling (CNM) captures relational reg-
ularities within and across species by constructing dynamic feature neighbor-
hoods, enabling the model to align transferable semantics while maintaining
intra-species discriminative structure.

3.2 Foreground–Background Decoupled Spectral Normalization

In multi-species generalized ReID, heterogeneous textures, morphologies, and
environmental conditions introduce substantial species-dependent biases, lead-
ing to unstable feature distributions. Recent studies show that such variations
are closely related to the spectral characteristics of visual representations [24,30].
Specifically, the amplitude spectrum mainly captures style-related factors such
as illumination and background statistics, whereas the phase spectrum preserves
semantic structure. Consequently, normalization strategies that suppress feature
statistics uniformly may inadvertently distort phase-dependent semantics. To ad-
dress this limitation, we introduce Foreground–Background Decoupled Spectral
Normalization (FDSNorm), a frequency-domain normalization mechanism tai-
lored for multi-species ReID. Unlike existing normalization methods that sup-
press style variations globally in spatial or spectral spaces, FDSNorm explic-
itly accounts for semantic differences across regions. By preserving the original
phase information and adaptively modulating amplitude spectra in foreground
and background regions, the proposed mechanism achieves structure-preserving
style control under cross-species domain shifts.

Frequency-Domain Feature Normalization. Given an input image I ∈
RH0×W0×C0 , the Vision Transformer [14] divides it into N non-overlapping patches
of size P × P , each projected into a C-dimensional embedding space. After po-
sitional encoding and class-token concatenation, the resulting sequence is pro-
cessed through L Transformer layers. Let F(l) ∈ RB×C×H×W denote the re-
shaped token feature map at the l-th layer, where B is the batch size and (H,W )
represent the spatial grid reconstructed from tokens.

To adaptively suppress style-induced domain bias while preserving seman-
tic consistency, we employ a learnable frequency-domain normalization strategy.
First, we obtain a style-normalized version of the feature map via spatial nor-
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malization:
F̃(l) = Norm(F(l)), (1)

where Norm(·) denotes instance normalization applied across spatial dimensions.
We then perform Discrete Fourier Transform (DFT) on both the original and
normalized features:

F (l)
org(u, v) =

H−1∑
x=0

W−1∑
y=0

F(l)(x, y) e−j2π(ux
H + vy

W ),

F (l)
norm(u, v) =

H−1∑
x=0

W−1∑
y=0

F̃(l)(x, y) e−j2π(ux
H + vy

W ),

(2)

where (x, y) and (u, v) denote the spatial and frequency coordinates, respectively,
and j =

√
−1. Each spectral representation is decomposed into amplitude and

phase components:

F (l)
org(u, v) = A(l)

org(u, v) e
jΦ(l)

org(u,v),

F (l)
norm(u, v) = A(l)

norm(u, v) ejΦ
(l)
norm(u,v),

(3)

where A(l)(u, v) = |F (l)(u, v)| captures the magnitude spectrum and Φ(l)(u, v) =
∠F (l)(u, v) encodes structural information. Following [24], we treat the ampli-
tude spectrum as a style carrier reflecting environmental variations (e.g ., illumi-
nation and background), while the phase spectrum represents semantic structure
that should remain invariant across domains.

Given the CLS token c(l) and patch tokens {t(l)i }Ni=1 at layer l, we build a
soft foreground mask from CLS-to-patch cosine similarity:

si =

〈
t
(l)
i

∥t(l)i ∥
,

c(l)

∥c(l)∥

〉
, s̃i =

si −min(s)

max(s)−min(s) + ϵ
, (4)

τ = Quantile1−r(s̃), mi = σ

(
s̃i − τ

Tm

)
, (5)

where r is the foreground ratio and Tm is the mask temperature. Reshaping
{mi} gives M(l) ∈ [0, 1]1×H×W . We keep the CLS token unchanged to preserve
the global semantic representation, and apply spectral normalization only to
patch tokens.

We then apply spatial split before frequency mixing:

F
(l)
fg,org = M(l) ⊙ F(l), F

(l)
fg,norm = M(l) ⊙ F̃(l), (6)

F
(l)
bg,org = (1−M(l))⊙ F(l), F

(l)
bg,norm = (1−M(l))⊙ F̃(l). (7)

After spatial decoupling, we independently perform DFT on the foreground and
background branches to obtain branch-wise amplitude and phase spectra:

F (l)
fg,* = A

(l)
fg,*e

jΦ
(l)

fg,* , F (l)
bg,* = A

(l)
bg,*e

jΦ
(l)

bg,* , (8)
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where ∗ ∈ {org, norm} denotes original and normalized branches. Foreground
and background use independent mixing strengths:

αfg = [softmax(λfg/Ts)]0 , αbg = [softmax(λbg/Ts)]0 , (9)

where λfg,λbg ∈ R2 are learnable two-dimensional parameter vectors initialized
to zeros, Ts is the temperature parameter in softmax, and [·]0 selects the first
element as the normalized mixing weight.

Â
(l)
fg = αfgA

(l)
fg,norm+(1−αfg)A

(l)
fg,org, Â

(l)
bg = αbgA

(l)
bg,norm+(1−αbg)A

(l)
bg,org. (10)

In this work, we use the unconstrained variant, i.e., no explicit ordering con-
straint is imposed between αfg and αbg, allowing the network to adaptively
discover when background regions require stronger style suppression. Recon-
struction preserves branch-wise original phase:

F̂
(l)
fg = F−1

(
Â

(l)
fg e

jΦ
(l)
fg,org

)
, F̂

(l)
bg = F−1

(
Â

(l)
bge

jΦ
(l)
bg,org

)
, (11)

F̂(l) = F̂
(l)
fg + F̂

(l)
bg . (12)

Through empirical analysis, the FDSNorm module is inserted at multiple Trans-
former depths (l ∈ {0, 4, 8}), corresponding to the patch-embedding output and
intermediate blocks, thereby forming a progressive de-stylization pipeline. Specif-
ically, shallow layers mainly clean pixel-level domain shifts (e.g., illumination
and color temperature); middle layers align structure-level shifts (e.g., parts and
shape); and deeper layers compensate for residual shifts leaked by residual con-
nections. In parallel, as the CLS token passes through more attention layers,
its semantic awareness becomes stronger. This allows the foreground mask to
be refined from coarse to fine, yielding a coordinated progression between de-
stylization strength and mask quality. In addition, the foreground ratio r and
branch-wise mixing strengths (αfg and αbg) are dynamically learnable parame-
ters, while the mask temperature Tm remains fixed.

Temporal Semantic Distillation. While normalization suppresses style-
related instability within the backbone, temporal inconsistency may still arise
from noisy or domain-biased updates during optimization. To stabilize the evo-
lution of semantic representations, we employ a teacher–student framework in
which the teacher network maintains an exponential moving average (EMA) of
the student parameters:

θt ← µθt + (1− µ)θs, (13)

where θt and θs denote the teacher and student parameters, respectively, and
µ ∈ (0, 1) is a momentum coefficient. The teacher network provides temporally
smoothed features that serve as stable semantic anchors for subsequent neighbor-
hood consistency learning, effectively distilling long-term structural knowledge
into the student without introducing additional supervision.
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3.3 Cross-species Neighborhood Modeling

In multi-species ReID, each species forms a visually coherent cluster within the
feature space, yet these clusters remain topologically isolated due to the absence
of shared semantic anchors. This leads to semantic fragmentation: features are
discriminative within species but unaligned across them, hindering transfer to
unseen species. Conventional ReID metric learning objectives such as triplet
loss [16] rely on instance-level correspondences and fail to exploit the latent
relational regularities shared across species. To bridge this gap, we propose Cross-
species Neighborhood Modeling, which constructs dynamic relational structures
using a teacher-maintained memory to jointly enforce intra-species consistency
and cross-species semantic connectivity.

Dynamic Memory Construction. Let ft and zs denote the global fea-
tures from the teacher and student networks, respectively. We maintain a feature
memory queueM = {(fi, spi, yi)}|M|

i=1 , where each entry consists of a normalized
teacher feature fi, its species label spi, and identity label yi. After each itera-
tion, newly computed teacher features are enqueued, while the oldest entries are
dequeued to maintain a fixed capacity, ensuringM captures long-term semantic
structure across species. For each student feature zs with species label sp, the
cosine similarity to all memory entries is computed as:

sim(zs, fi) =
z⊤s fi
∥zs∥∥fi∥

. (14)

Mutual Neighborhood Search. Let P = {ft}∪M denote the union of the
current-batch teacher features and the memory queue. Each anchor zs retrieves
two types of neighborhoods from P: an intra-species neighborhood Nintra(zs)
consisting of top-K1 nearest neighbors whose species label matches the anchor,
i.e., spi = sp, and a cross-species neighborhood Ncross(zs) of top-K1 nearest
neighbors where spi ̸= sp. To suppress incidental correlations in the cross-species
neighborhood, we adopt a reciprocal nearest-neighbor rule: for an anchor A
and a candidate neighbor B retrieved from the top-K1 cross-species list of A,
B is retained only if A also appears in the top-K2 cross-species nearest list
of B within P. Here, K1 determines the size of the candidate neighborhood
for retrieval, whereas K2 (K2 ≤ K1) controls the stringency of the reciprocal
verification: a larger K1 broadens the candidate pool, while a smaller K2 retains
only strongly mutual cross-species pairs. This reciprocal filtering is applied solely
to the cross-species neighborhood. This bidirectional filtering yields more stable
semantic neighborhoods that reflect intrinsic relational similarity across species.
The neighborhood centers are defined as:

cintra =
1

|Nintra|
∑

fi∈Nintra

fi, ccross =
1

|Ncross|
∑

fi∈Ncross

fi. (15)

Loss Formulation. Cross-species neighborhood modeling jointly optimizes
two complementary objectives: intra-species compactness and cross-species re-
lational consistency. 1) Intra-species Compactness. For each sample, we align
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the student feature with its intra-species neighborhood center to enforce intra-
species compactness, where the center is computed over same-species neighbors
regardless of identity:

Lintra = 1− 1

B

B∑
i=1

sim(zi, c
(i)
intra), (16)

where B denotes the batch size and sim(·, ·) denotes cosine similarity. 2) Cross-
species Relational Constraint. To bridge gaps across species, we introduce a
margin-based relational constraint:

Lcross =
1

B

B∑
i=1

max
(
0,m− sim(zi, c

(i)
cross)

)
, (17)

where m is a margin. Although cross-species centers provide transferable se-
mantic cues, overly strong attraction toward them may pull features of different
identities too close, impairing identity discrimination. The hinge thus acts as
a bounded attraction: each feature is pulled toward its cross-species relational
center only until the similarity reaches the target margin m, after which no gra-
dient is applied. This injects a controlled level of cross-species connectivity (i.e.,
sim≥m), while the small margin and the saturation of the hinge prevent features
from being driven into full alignment, thereby preserving identity-level discrimi-
nation. This formulation softly aligns inter-species manifolds without collapsing
structural diversity. The overall CNM objective is:

LCNM = λintraLintra + λcrossLcross. (18)

In summary, our learning objective is the total loss L, formulated as a weighted
sum of the identification loss, the triplet loss, and the CNM loss.

L = λid Lid + λtri Ltri + LCNM . (19)

Memory Update. After each iteration, normalized teacher features with their
species and identity labels are added to the memory:

M← enqueue(Norm(ft), spt, yt), dequeue oldest. (20)

This online update maintains a temporally smoothed and semantically consistent
teacher space, providing robust relational guidance for the student network.

4 Evaluation Protocol

4.1 Datasets and Evaluation Protocols

Datasets and Splits. To comprehensively evaluate cross-species generaliza-
tion, we conduct experiments on 11 publicly available animal ReID datasets



Cross-Species Animal Re-Identification 11

Table 1: Dataset Statistics

Dataset #Image #ID Species

PetFace [42] 115,708 55,686 13
Wildlife71 [20] 108,096 1,924 67
iPanda-50 [45] 6,874 50 1
ELPephants [22] 2,078 276 1
SealID [34] 2,080 61 1
GZGC [41] 4,948 1,762 2
ATRW [26] 2,950 135 1
HyenaID2022 [5] 3,129 256 1
LeopardID2022 [6] 6,806 430 1
SeaTurtleID2022 [1] 8,729 438 1
WhaleSharkID [17] 7,693 543 1

Table 2: Evaluation Protocols

Protocol Training Data Testing Data

1 Wildlife71

PetFace, iPanda-50
ELPephants, SealID,

SeaTurtleID2022, ATRW,
HyenaID2022, LeopardID2022,

GZGC, WhaleSharkID,

2

iPanda-50+ELPephants
PetFace,

Wildlife71

+LeopardID2022+GZGC
+ATRW+HyenaID2022

+SealID+SeaTurtleID2022
+WhaleSharkID

covering diverse habitats and species morphologies. This diverse dataset collec-
tion provides a challenging evaluation setting with substantial variations in vi-
sual appearance and environmental conditions. (1) Wildlife71 Dataset [20]. This
large-scale benchmark comprises 71 species. Following its official split protocol,
we use the predefined 67 seen species for training. (2) PetFace Dataset [42].
This dataset contains facial images from 13 domestic animal species, and we
test the model separately on each species. (3) Nine public datasets. We fur-
ther evaluate on iPanda-50 [45], ELPephants [22], SealID [34], GZGC (zebra
and giraffe domains) [41], WhaleSharkID [17], ATRW [26], HyenaID2022 [5],
LeopardID2022 [6], and SeaTurtleID2022 [1]. As shown in Tab. 2, we design
two complementary evaluation protocols to simulate different cross-species gen-
eralization scenarios. Both protocols enforce a fully open-set setting in which
identities and species in the test set are disjoint from those used during training,
ensuring that the evaluation reflects genuine cross-species generalization rather
than dataset-specific overlap. Since existing animal ReID datasets adopt incon-
sistent split strategies or lack official training/testing partitions, we use the full
datasets under both protocols to maintain consistent evaluation conditions. The
only exception is PetFace, for which we follow the official split. This unified data
usage ensures fair and reproducible comparisons across different methods.

Evaluation Metrics. We adopt Cumulative Matching Characteristics (CMC)
at Rank-1 and mean Average Precision (mAP) as standard metrics. Since most
animal ReID datasets lack explicit camera annotations, we include all valid
gallery matches in evaluation rather than only cross-camera ones.

5 Experiments

5.1 Implementation Details

All experiments were conducted on four NVIDIA 4090 GPUs using PyTorch. We
employ a ViT [14] pre-trained on ImageNet-1K as the backbone; unless a method
has specific architectural constraints, all baselines share the same backbone for
fair comparison. Input images are resized to 256× 256 with patch size 16× 16.
Training augmentations include random horizontal flipping (50%) and 10-pixel
padding. For CNM hyperparameters, we set K1=8, K2=3, margin = 0.2, and
memory size = 4096. The model is trained for 60 epochs with SGD (initial lr
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Table 3: Protocol-1 results on 10 unseen domains. The symbol † denotes results ob-
tained from re-implemented versions of the corresponding methods.

Method Venue
ELPephants [22] SealID [34] GZGC (zebra) [41] ATRW [26] GZGC (giraffe) [41]

Rank1 mAP Rank1 mAP Rank1 mAP Rank1 mAP Rank1 mAP

Base [15] ICCV 2021 31.9 7.9 79.4 24.8 12.6 7.1 96.2 58.9 21.0 25.3
TransReID [15] ICCV 2021 32.3 8.1 78.6 23.3 12.2 6.9 96.5 59.1 20.0 25.6
META [46] ECCV 2022 26.4 5.8 79.0 20.2 8.0 3.2 95.7 51.6 13.5 9.3
CLIP [27] AAAI 2023 28.9 6.8 77.6 20.8 11.9 6.9 95.6 58.1 22.9 25.7
PartAware [36] ICCV 2023 32.0 7.9 79.7 24.9 12.4 7.1 96.2 58.9 20.6 25.4
UniReID† [20] NeurIPS 2023 25.2 6.1 79.4 23.6 12.0 6.8 96.1 55.9 24.7 26.0
BAU [11] NeurIPS 2024 13.2 3.7 80.4 30.8 10.1 5.1 90.6 49.9 20.6 22.2
AdaFreq [25] ECCV 2024 33.3 8.4 78.6 22.8 12.1 6.8 96.4 58.0 21.6 26.0
ReNorm [38] ECCV 2024 20.7 5.0 78.6 23.6 10.6 5.5 96.3 56.1 23.5 24.1
Megadescriptor† [7] WACV 2024 32.0 8.2 76.5 22.1 12.9 7.0 95.9 57.4 23.5 26.8
MiewID† [39] CoRR 2024 16.2 4.3 72.9 19.9 9.1 4.7 94.6 51.2 17.9 20.8
CLIP-FGDI [53] TIFS 2025 16.2 4.3 72.4 22.2 10.6 5.6 88.5 45.8 21.3 24.5
ARBase† [18] ICCV 2025 25.4 5.5 77.9 21.4 10.0 3.9 96.1 53.8 12.7 9.1

Ours - 34.4 9.0 81.5 25.6 13.1 7.8 98.0 60.3 22.9 27.3

Method Venue
iPanda-50 [45] HyenaID2022 [5] LeopardID2022 [6] SeaTurtleID2022 [1] WhaleSharkID [17]

Rank1 mAP Rank1 mAP Rank1 mAP Rank1 mAP Rank1 mAP

Base [15] ICCV 2021 91.8 13.1 60.4 22.6 76.0 17.5 46.7 7.3 37.4 6.9
TransReID [15] ICCV 2021 91.8 13.1 62.9 23.7 78.0 18.4 51.2 8.1 42.2 7.8
META [46] ECCV 2022 87.9 11.4 50.8 15.5 64.0 12.0 39.3 5.0 35.1 5.4
CLIP [27] AAAI 2023 90.2 12.9 59.3 21.3 74.7 16.5 45.9 6.9 38.8 7.0
PartAware [36] ICCV 2023 91.7 13.1 61.8 23.0 77.6 18.3 51.1 8.0 40.2 7.3
UniReID† [20] NeurIPS 2023 88.8 12.9 59.2 21.2 74.6 16.4 45.8 6.9 30.9 5.2
BAU [11] NeurIPS 2024 81.9 10.2 49.8 15.0 65.6 11.9 51.2 7.3 22.4 3.6
AdaFreq [25] ECCV 2024 90.6 12.8 59.9 23.0 76.5 17.4 53.1 8.4 42.5 8.0
ReNorm [38] ECCV 2024 82.1 9.9 59.9 21.4 72.5 13.6 60.4 9.3 32.9 5.4
Megadescriptor† [7] WACV 2024 89.6 13.0 61.3 23.0 77.1 18.0 45.3 6.9 39.1 7.1
MiewID† [39] CoRR 2024 74.2 8.9 53.0 17.1 66.3 12.0 42.0 5.5 27.2 4.5
CLIP-FGDI [53] TIFS 2025 59.9 6.9 47.8 15.2 65.8 13.1 20.2 3.0 25.9 4.9
ARBase† [18] ICCV 2025 88.2 11.7 51.1 15.6 64.3 12.1 39.6 5.1 34.4 5.8

Ours - 92.5 13.8 64.0 24.8 78.9 19.4 58.8 10.0 45.4 8.9

0.004, cosine decay) and a total batch size of 128 (8 identities × 4 images per
GPU × 4 GPUs). Both CNM and FDSNorm use a 3-epoch warm-up. At test
time, only original features are used for distance computation.

5.2 Comparison with SOTA Methods

Table 3 and Fig. 3 report Protocol-1 results; Table 4 reports Protocol-2 results
on Wildlife71. We compare four categories of methods: (1) General ReID (e.g .,
TransReID, CLIP-ReID). These methods employ strong architectures and often
achieve competitive results, yet they remain species-specific and do not capture
fine-grained cues that transfer across species. (2) Animal ReID (e.g ., UniReID,
AdaFreq, ARBase). These methods enhance within-species discrimination but
lack cross-species structural alignment, leading to negative transfer on unseen
domains. Foundation models such as MegaDescriptor [7] and MiewID [39] bene-
fit from large-scale data but still optimize instance-level metrics without explicit
cross-species alignment. (3) DG person ReID (e.g ., ReNorm, META). These
methods improve statistical invariance and handle style variations, but do not
address the semantic shifts induced by species changes and therefore underper-
form on unknown species. (4) DG animal ReID (e.g ., UniReID). UniReID relies
on dataset-specific textual descriptions; when applied to a face-centric dataset
such as PetFace, its generic whole-body description becomes mismatched, lead-
ing to a substantial performance drop. Overall, existing methods may excel on
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Fig. 3: Protocol-1 results on PetFace (13 species). Circles: mAP; triangles: Rank-1.

Table 4: Protocol-2 results on Wildlife71.

Method mAP mINP Rank1

Base [15] 90.1 75.1 96.6
TransReID [15] 91.6 72.6 96.5
META [46] 83.7 51.0 96.5
CLIP [27] 86.4 54.1 96.7
PartAware [36] 90.1 70.3 96.8
UniReID† [20] 84.4 53.6 96.6
BAU [11] 86.7 56.4 96.2
AdaFreq [25] 91.2 79.2 97.3
ReNorm [38] 71.9 25.3 95.6
Megadescriptor† [7] 87.3 60.6 97.3
MiewID† [39] 82.5 43.3 96.1
CLIP-FGDI [53] 73.6 27.7 97.4
ARBase† [18] 86.4 59.4 96.8

Ours 93.8 78.5 97.6

Table 5: Ablation on CNM memory.

Setting
Same-ID

(%) mAP (%) Rank1 (%)

k-NN 65.12 18.36 53.53
CNM w/o Mem. 78.24 19.33 56.01
Ours (CNM) 89.36 20.69 58.75

Table 6: Layer replacement and
EMA ablation results.

Setting mAP (%) Rank1 (%)

l ∈ {0, 4, 8} 20.69 58.75
l ∈ {2, 4, 6} 19.77 56.58
l ∈ {0, . . . , 11} 19.37 54.53
l ∈ {0, 4, 8} w/o EMA 20.14 57.53

selected species yet degrade significantly when the species changes. In contrast,
our approach learns a species-agnostic model without any target-domain adap-
tation and achieves leading performance across diverse unseen species.

5.3 Ablation Experiments

Effectiveness of Each Component. Ablation results in Table 7 confirm the
complementary contributions of FDSNorm and CNM to cross-species generaliza-
tion. FDSNorm stabilizes style statistics to yield domain-robust features, while
CNM promotes intra-species cohesion and cross-species semantic connectivity.
Table 5 further shows that CNM with memory significantly improves nearest-
neighbor identity purity over vanilla k-NN; crucially, removing the memory queue
leads to a noticeable drop in retrieval purity, proving it essential for providing
stable, long-term relational anchors. Table 6 reveals that sparse layer placement
(l ∈ {0, 4, 8}) is optimal for FDSNorm—applying it too densely or across all
layers over-suppresses structural semantics. Removing EMA further destabilizes
feature evolution, confirming the necessity of temporal smoothing.
Foreground-Only Analysis. We use MVANet [49] to segment foreground re-
gions and construct foreground-only inputs. Table 8 further evaluates robust-
ness when background cues are largely removed. All methods degrade under
foreground-only input, indicating that context still contributes to matching. Nev-
ertheless, our method achieves the strongest absolute foreground performance
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Table 7: Ablation study of different components on ten wildlife datasets under
Protocol-1. Intra: Intra-species consistency; Cross: Cross-species consistency.

ID FDSNorm Intra Cross ELPephants [22] SealID [34] Wildlife71 [20] ATRW [26] GZGC (giraffe) [41]

Rank1 mAP Rank1 mAP Rank1 mAP Rank1 mAP Rank1 mAP

(a) – – – 31.9 7.9 79.4 24.8 96.6 90.1 96.2 58.9 21.0 25.3
(b) ✓ – – 32.8 8.4 80.9 25.3 97.0 91.4 97.1 59.3 22.4 26.8
(c) – ✓ – 33.1 8.5 80.8 24.8 97.2 92.3 97.7 59.6 22.2 26.0
(d) – ✓ ✓ 33.3 8.6 81.2 25.0 97.4 93.0 97.6 60.0 22.5 27.0
(e) ✓ ✓ ✓ 34.2 9.0 81.3 25.6 97.6 93.8 97.8 60.3 22.7 27.3

PetFace [42] HyenaID2022 [5] LeopardID2022 [6] SeaTurtleID2022 [1] WhaleSharkID [17]

(a) – – – 41.9 39.8 60.4 22.6 76.0 17.5 46.7 7.3 37.4 6.9
(b) ✓ – – 43.6 42.8 62.6 24.1 77.8 18.7 55.5 9.2 44.0 8.4
(c) – ✓ – 44.5 44.8 63.2 23.9 78.2 18.6 56.7 8.9 44.3 8.5
(d) – ✓ ✓ 45.3 45.9 63.5 24.2 78.5 18.9 57.4 9.3 44.7 8.7
(e) ✓ ✓ ✓ 46.2 46.9 63.8 24.8 78.7 19.4 58.6 10.0 45.2 8.9

Table 8: Original vs. foreground-only input under Protocol-2.

Model Wildlife71 [20] Wildlife71 (Foreground) [20] Drop

mAP mINP Rank1 mAP mINP Rank1 mAP mINP Rank1

Base [15] 90.1 75.1 96.6 71.2 28.6 95.8 18.9 46.5 0.8
Megadescriptor [7] 87.3 60.6 97.3 69.8 28.7 95.2 17.5 31.9 2.1
SCL (Ours) 93.8 78.5 97.6 79.0 45.8 96.1 14.8 32.7 1.5

and the smallest mAP drop, showing that SCL relies more on transferable iden-
tity structure than on scene-specific shortcuts.
Visualization Analysis. Figure 4 shows eight subfigures: Compared with Base,
SCL consistently shifts attention toward semantically meaningful animal regions
(e.g ., torso contours, texture-rich parts, and limbs) and reduces diffuse activation
on irrelevant background areas. This trend is stable across elephant, zebra, seal,
sea turtle, whale shark, hyena, nyala and tiger, indicating stronger structure-
focused consistency under large appearance and habitat variations.

(a) Nyala (b) Hyena (c) Elephant (d) Zebra

(e) Seal (f) SeaTurtle (g) Whale Shark (h) Tiger

Fig. 4: Last layer activation-map comparison between Base (left) and SCL (right).

Feature Distribution Analysis. Figure 5 shows what CNM learns in the em-
bedding space. For this experiment, Base denotes the plain ViT baseline. Both
the baseline and our model are trained on Wildlife71, and we randomly sample
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Fig. 5: Embedding space visualization of sam-
ples from diverse species.

Table 9: Ratio of inter-ID distance
to intra-ID distances on Protocol-1.
Higher is better.

Dataset SCL Mega MiewID

iPanda-50 [45] 1.265 1.145 1.062
ELPephants [22] 1.220 1.122 1.049
SealID [34] 1.379 1.263 1.134
GZGC-Zebra [41] 1.242 1.106 1.048
ATRW [26] 2.816 2.106 1.269
GZGC-Giraffe [41] 1.838 1.726 1.326
HyenaID2022 [5] 1.741 1.412 1.126
LeopardID2022 [6] 1.456 1.272 1.091
SeaTurtleID2022 [1] 1.311 1.234 1.108
WhaleSharkID [17] 1.196 1.064 1.039

100 instances for each of the 22 species for visualization. The Base representa-
tion exhibits clear species-wise separation, where samples from different species
form isolated clusters. In contrast, CNM produces a more mixed embedding
distribution across species while achieving better ReID performance, suggesting
that it reduces species-specific clustering tendencies and learns more effective
cross-species representations.

To further examine representation quality under unseen domains, we report
the ratio of inter-ID distance to intra-ID distance in Table 9. A higher ratio
indicates a better clustering structure, namely tighter intra-identity compact-
ness together with clearer inter-identity separation. Compared with strong an-
imal foundation models such as Megadescriptor and MiewID, SCL consistently
achieves higher ratios on all ten unseen datasets. This result supports the same
conclusion as our qualitative visualizations: our method improves cluster com-
pactness while preserving clearer boundaries between identities, thereby miti-
gating species-isolated feature fragmentation.

6 Conclusion

This paper introduced the Semantic Consistency Learning framework for cross-
species generalization in animal ReID. Through Foreground–Background Decou-
pled Spectral Normalization, SCL suppresses feature instability caused by envi-
ronmental variations while aggregating long-range semantic cues shared across
species. Cross-species Neighborhood Modeling further shifts the objective from
instance-level discrimination to relational semantic understanding, enabling the
model to capture structural regularities that generalize across species and yield
a unified, transferable embedding space. Promising future directions include ex-
tending SCL to fully open-set ReID, integrating large-scale ecological foundation
models, and enabling adaptive deployment across diverse platforms such as UAVs
and camera traps. We hope this work encourages the community to move beyond
species-specific ReID and toward general, cross-species visual understanding that
can support large-scale biodiversity monitoring in real-world ecosystems.
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