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Abstract
Animal re-identification (Re-ID) has recently gained sub-
stantial attention in the AI research community due to its
high impact on biodiversity monitoring and unique research
challenges arising from environmental factors. The subtle
distinguishing patterns like stripes or spots, handling new
species and the inherent open-set nature make the problem
even harder. To address these complexities, foundation mod-
els trained on labeled, large-scale and multi-species animal
Re-ID datasets have recently been introduced to enable zero-
shot Re-ID. However, our benchmarking reveals significant
gaps in their zero-shot Re-ID performance for both known
and unknown species. While this highlights the need for col-
lecting labeled data in new domains, exhaustive annotation
for Re-ID is laborious and requires domain expertise. Our
analyses also show that existing unsupervised (USL) and ac-
tive learning (AL) Re-ID methods underperform for animal
Re-ID. To address these limitations, we introduce a novel AL
Re-ID framework that leverages complementary clustering
methods to uncover and target structurally ambiguous regions
in the embedding space for mining pairs of samples that are
both informative and broadly representative. Oracle feedback
on these pairs, in the form of must-link and cannot-link con-
straints, facilitates a simple annotation interface, which natu-
rally integrates with existing USL methods through our pro-
posed constrained clustering refinement algorithm. Through
extensive experiments, we demonstrate that, by utilizing only
0.033% of all possible annotations, our approach consistently
outperforms existing foundational, USL and AL baselines.
Specifically, we report an average improvement of 10.49%,
11.19% and 3.99% (mAP) on 13 wildlife datasets over foun-
dational, USL and AL methods, respectively, while attaining
state-of-the-art performance on each dataset. Furthermore,
we also show an improvement of 11.09%, 8.2% and 2.06%
(AUC ROC) for unknown individuals in an open-world set-
ting. We also present results on 2 publicly available person
Re-ID datasets, showing average gains of 7.96% and 2.86%
(mAP) over existing USL and AL Re-ID methods.

Project Page — https://sites.google.com/iiitd.ac.in/aas/
Extended Version — https://arxiv.org/abs/2511.06658

1 Introduction
Re-ID is a critical task that aims to match instances of the
same individual across different images. While traditionally
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explored in the context of human surveillance, Re-ID has
found growing relevance in wildlife monitoring, where it is
used to track individual animals over time. The ability to
Re-ID individuals plays a pivotal role in ecological studies,
population estimation, behavioral tracking and conservation
planning. Non-invasive approaches, like the use of camera
trap images, often require manual processing to ensure reli-
able re-identification.

Animal Re-ID has recently gained substantial attention
in the AI research community, not only due to its high
impact on biodiversity monitoring, but also because of its
unique and significantly more complex challenges compared
to other Re-ID tasks. For instance, unlike human Re-ID
where the key distinguishing attributes are same for all,
animal Re-ID depends on visual patterns that are species-
dependent, such as stripes for tigers, spots for cheetahs and
rosettes for leopards. To address this, several AI-enabled
systems have been developed for species-agnostic animal
Re-ID (Jiao et al. 2023; Čermák et al. 2024; Otarashvili
et al. 2024). At their core, these systems leverage foundation
models that are trained on large-scale multi-species wildlife
datasets that are manually annotated to find instances of the
same individual across diverse species and geographies.

Despite recent advances, existing foundation models for
animal Re-ID (Čermák et al. 2024; Otarashvili et al. 2024)
struggle to perform adequately for new environments. More-
over, adapting Re-ID systems to new environments remains
challenging due to the high cost of manual annotation. Man-
ually identifying individuals in a large image set is tedious
and error-prone as it needs discerning fine-grained patterns
in images. A natural way to approach this is to frame su-
pervision in terms of pairwise annotations, where annota-
tors simply indicate whether two images are of the same
individual. Unfortunately, this labeling process is expensive
and time-consuming as it requires identifying matching pairs
within a large dataset, where the number of comparisons
grows quickly with the dataset size.

To mitigate the cost of exhaustive annotation, many re-
cent unsupervised Re-ID approaches (Ge et al. 2020; Zhang
et al. 2021; Dai et al. 2021; Wang et al. 2021; Wu et al. 2021;
Zou et al. 2023; Yin et al. 2023) rely on pseudo-labeling via
clustering, where the model is iteratively refined using auto-
matically generated labels from the structure of the feature
space. However, the effectiveness of pseudo-labeling hinges
critically on cluster purity. Errors in clustering can introduce
harmful supervision. Broadly, clustering errors can be cate-
gorized into two types: under-segmentation, where samples
from different identities are erroneously grouped into the
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Figure 1: An illustration of Ambiguity-Aware Sampling (AAS). (A.) Identifying Regions of Uncertainty. The disagreements
between the clustering views A and B are used to identify regions of uncertainty, S = {S1, S2, S3}, based on the transitive
closure of partially overlapping clusters from A and B. (B.) Resolving Over-Segmentation Errors. The medoid mk is chosen
to be the representative of an uncertain region Sk. For each medoid mk, we obtain its nearest kmax neighboring medoids,
mk′ ∀k′ ̸= k, having similarity > smin to form most informative image pairs. (C.) Resolving Under-Segmentation Errors.
Ĩk is the set of all pairs that are in disagreement within Sk. Note that Ĩk might contain redundant pairs that do not provide
additional value if annotated. For instance, pairs (x1, x6), (x2, x6) and (x4, x6) in the sub-figure represent the same ambiguity,
i.e. whether the group of consistently clustered images {x1, x2, x4} should be clustered with {x6}. Hence, to filter out redundant
pairs, we define Pcand

k to be a set of candidate image pairs that contains the nearest inter-cluster neighbors for both the methods,
which may or may not be inconsistent. Therefore, for each uncertain region Sk, we define the set of most informative and non-
redundant inconsistent image pairs as Ik = Ĩk ∩ Pcand

k . Finally, the set of informative medoid pairs (Uos) and non-redundant
inconsistent pairs (Uus) defines our sampling pool U = {Uos ∪ Uus} from which the image pairs are sampled for annotation.

same cluster, and over-segmentation, where samples from
the same identity are incorrectly split into multiple clusters.
Both scenarios are detrimental—under-segmentation leads
to identity confusion and suppresses inter-class separability,
while over-segmentation fragments identity representations
and weakens intra-class consistency. These challenges high-
light the fragility of unsupervised pseudo-labeling and un-
derscore the importance of guiding the learning process us-
ing reliable supervisory signals.

This motivates the use of active learning (AL), which
seeks to identify and label the most informative examples
under a constrained annotation budget. In the Re-ID set-
ting, where supervision is naturally framed through pair-
wise comparisons, not all image pairs are equally valuable.
Most pairs offer little learning signal—being either obvi-
ously matched or mismatched. Instead, the greatest bene-
fit lies in annotating ambiguous pairs, especially those near
decision boundaries. Moreover, to ensure robust generaliza-
tion and avoid overfitting, it is equally important that se-
lected pairs are diverse, covering a wide range of identities
and appearance variations. Traditional works explored AL
in the context of Re-ID using an entropy-based (Das, Panda,
and Roy-Chowdhury 2015), rank-based (Wang et al. 2018)
and reinforcement learning-based (Liu et al. 2019; Joshi and
Subramanyam 2022) selection criterion. The primary focus
of many existing solutions has been on person or vehicle
Re-ID, often resulting in works that also target modeling the
multi-camera setup (Das, Chakraborty, and Roy-Chowdhury
2014; Lin et al. 2017; Roy et al. 2018). With advances in
unsupervised deep clustering methods, recent methods ex-
ploit cluster statistics to identify the most informative pairs
(Hu et al. 2021) or triplets (Han et al. 2021; He et al. 2024).

While NIS (Perez et al. 2024) designs an AL strategy to es-
timate the population size for wildlife datasets using nested
information sampling, to the best of our knowledge, there
exists no prior work that leverages AL for animal Re-ID.

In this work, we argue that the pseudo-labels obtained
via different clustering algorithms are often structurally dis-
tinct, reflecting their differing inductive biases. Therefore,
the variations in these pseudo labels can reveal ambiguities
within the feature space. By identifying the disagreements
between these complementary clustering views, we aim to
uncover the most uncertain image pairs that can help reduce
under-segmentation errors. Conversely, agreement between
methods does not guarantee correctness, as it can hide over-
segmentation errors. Therefore, we propose a novel active
sampling strategy which can be used to sample pairs for ad-
dressing both under- and over-segmentation (Fig 1). More-
over, our AL Re-ID framework is designed in a way that can
be seamlessly integrated with existing unsupervised or semi-
supervised deep clustering methods for efficient training. To
enable this, we introduce a post-hoc constrained clustering
algorithm that can be used to incorporate the human feed-
back into the pseudo labels generated via the base clustering
method. Our contributions are summarized below:

1. We propose Ambiguity-Aware Sampling (AAS) strategy
that leverages disagreements between two complemen-
tary clustering algorithms—DBSCAN (density-based)
and FINCH (nearest-neighbor-based)—to identify and
sample most informative, uncertain and diverse pairs of
images for annotation.

2. We introduce a Non-Parametric, Plug-and-Play (NP3) al-
gorithm, that is a post-hoc constrained clustering method
and is agnostic to the underlying clustering technique
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used to obtain the labels.
By integrating these strategies into the AL Re-ID pipeline,

we demonstrate the following:
1. Existing foundation models, unsupervised training

strategies and AL Re-ID methods show limited gains
over a pre-trained ResNet-50 baseline on animal Re-ID
benchmarks.

2. NP3 algorithm enables seamless integration of AL Re-ID
techniques with existing unsupervised training pipelines.

3. State-of-the-art performance on 13 wildlife and 2 person
Re-ID benchmark datasets.

2 Related Work
Animal ReID: Ecologists have employed various Re-ID
methods for decades (Schneider et al. 2018; Tuia et al.
2022), including tagging (Wolcott 1995; Block et al. 2001;
Cooke et al. 2004), scarring (Hammond, Mizroch, and
Donovan 1990; Bertulli, Rasmussen, and Rosso 2016), and
banding (Carroll et al. 2017). However, these methods are
labor-intensive, expensive (Schneider et al. 2018), and can
cause pain or impact animal behavior (Walker et al. 2012).

Due to the active shift towards non-invasive monitor-
ing, camera trap images powered by computer vision tech-
niques have emerged as an efficient and scalable alterna-
tive. Early methods relied on classical techniques like SIFT
(Ravela et al. 2014; Bolger et al. 2012; Crall et al. 2013),
but the field has advanced significantly with deep learning
(Shukla et al. 2019a,b). A substantial body of research is
focused on curating large-scale benchmark datasets that fa-
cilitate the design of modern algorithms (Guo et al. 2020;
Lu et al. 2023; Čermák et al. 2024; Adam et al. 2025). At
the same time, researchers have also focused on develop-
ing deep learning models for multi-species animal Re-ID.
UniReID (Jiao et al. 2023) uses pre-trained CLIP as the
backbone model and learns the visual and textual guidance
generators to obtain semantic knowledge, which is then used
to guide their UniReID focus on salient visual content via
the text-guided attentive module. MegaDescriptor (Čermák
et al. 2024) leverages the SWIN transformer architecture
(Liu et al. 2021) and is trained on 2.8M images spanning
30K identities. MiewID (Otarashvili et al. 2024) is another
foundation model that utilizes a simpler convolutional back-
bone and is trained on 2.3M images of 37K individuals. De-
spite the availability of such foundation models, we observe
that they often underperform on unseen data, highlighting
a crucial need for fine-tuning. While WildFusion (Cermak
et al. 2025) recently proposed fusing and calibrating global
(e.g. MegaDescriptor) and local (e.g. SIFT) feature match-
ing scores, we believe fine-tuning Re-ID models on unseen
data is still crucial.

Unsupervised ReID: These approaches are broadly cat-
egorized as either unsupervised domain adaptive (UDA) or
fully unsupervised learning (USL). A key difference is that
USL methods operate on unlabeled data without relying on
a source-domain dataset. SpCL (Ge et al. 2020) is a pio-
neering example for both UDA and USL that uses a self-
paced contrastive learning framework with a hybrid mem-
ory. This hybrid memory is crucial for generating the nec-
essary signals to learn effective features by jointly distin-
guishing between source classes, target clusters and unclus-
tered instances. Subsequent research has built on this foun-
dation by focusing on improving cluster proxies and mem-
ory mechanisms (Dai et al. 2021; Wang et al. 2021; Wu et al.

2021; Zou et al. 2023; Yin et al. 2023), dynamically refin-
ing pseudo-labels (Zhang et al. 2021; Zheng et al. 2021)
and leveraging multi-camera information to boost perfor-
mance (Das, Chakraborty, and Roy-Chowdhury 2014; Lin
et al. 2017; Wang et al. 2021; Li et al. 2023). Given its in-
herent generalizability, we use the SpCL framework as our
base training method, acknowledging that more recent USL
methods could similarly be integrated.

AL for ReID: Several recent efforts have explored AL
strategies, tailored to the Re-ID setting, each introduc-
ing specific heuristics to select diverse informative image
pairs (Das, Panda, and Roy-Chowdhury 2015; Wang et al.
2018; Liu et al. 2019; Joshi and Subramanyam 2022; Das,
Chakraborty, and Roy-Chowdhury 2014; Lin et al. 2017;
Roy et al. 2018; Han et al. 2021). For instance, the MASS
framework (Hu et al. 2021) focuses on identifying and pu-
rifying impure clusters by forming coarse clusters using
FINCH (Sarfraz, Sharma, and Stiefelhagen 2019) and then
querying annotations for a central pivot of the coarse clus-
ter and its neighbors. While effective in moderately clean
settings, such strategies can waste annotation budget on
highly under-segmented clusters containing multiple iden-
tities, where refinement is unlikely to succeed. The state-of-
the-art in AL for person Re-ID, LBAS (He et al. 2024), aims
to balance positive and negative supervision within the an-
notation budget. They first generate clusters using DBSCAN
(Ester et al. 1996), then mine informative triplets within
clusters by selecting anchor-positive-negative sets using far-
thest point sampling. Although this approach promotes di-
versity in the labeled pairs, it is highly sensitive to DB-
SCAN’s parameters and tends to discard the detected out-
liers, which often represent the most ambiguous and thus
most informative samples. We note that none of the recent
AL Re-ID methods have open-sourced their implementa-
tion. Moreover, to the best of our knowledge, there exists
no AL Re-ID method that is tested on wildlife datasets. The
closest and the most relevant work to ours is NIS (Perez et al.
2024), which designs an AL technique based on nested im-
portance sampling to estimate the size of the animal popula-
tion in the wildlife datasets. Specifically, it constructs a fully
connected similarity graph and samples vertices with esti-
mated low degrees, followed by sampling their most similar
neighbors. However, it treats all sampled vertices as equally
uncertain and uniformly allocates a fixed number of annota-
tions per sampled vertex, leading to inefficient labeling when
the ambiguity is highly variable.

3 Methodology
Let D = {x1, . . . , xn} be the dataset comprising of cropped
images of individuals. Assume f : D → Rd be a feature
extractor that maps an image xi to its vector representa-
tion xi. We employ two clustering methods, A and B, on
all the feature vectors X = {x1, . . . ,xn} to get clusters
CA = {cA1 , . . . , cA|CA|} and CB = {cB1 , . . . , cB|CB |}, respec-
tively. Each image xk ∈ D is assigned a pseudo-identity
ŷk ∈ CA by method A and ỹk ∈ CB by method B. We de-
note the set of images belonging to a specific cluster cAi as
YcAi

, and similarly for cBj as YcBj
.

3.1 Framework for Ambiguity-Aware Sampling
Our goal is to create a pool of unlabeled image pairs (U),
which is a subset of all image pairs (D × D). This pool U
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is designed to contain only the most informative pairs, iden-
tified through an analysis of agreements and disagreements
between the complementary clustering methods A and B.
Due to page length restrictions, we provide a brief overview
of the process for constructing U and defining a marginal
distribution over its image pairs, which subsequently guides
the sampling of pairs for human annotation. Our AL Re-ID
framework is summarized in Algorithm 1. A detailed expla-
nation of each step is provided in the supplementary.
A. Identifying Regions of Uncertainty via Disagreement:
We focus on pairs of clusters with a partial overlap (0 <
IoU < 1), which indicate disagreements between meth-
ods A and B. We define a set of connected components,
S = {S1, . . . , SM}, where each Sk is a distinct “region of
uncertainty”. These regions are the transitive closure of par-
tially overlapping clusters, and their images are “tangled”
as their assignments are inconsistent across the two meth-
ods (See Fig. 1A). This uncertainty primarily signals po-
tential under-segmentation errors, where one method’s clus-
ter should be further divided based on the other’s assign-
ments. Conversely, these errors can also be viewed as over-
segmentation errors for the other clustering method.

To address both under- and over-segmentation issues, our
AL approach builds a sampling pool U containing diverse
pairs both from within (to resolve under-segmentation) and
across (to resolve over-segmentation) the identified regions
of uncertainty. A key benefit of this strategy is that if the size
of U is smaller than the annotation budget, our method can
reduce labeling effort by only querying the most informative
pairs. In cases where there are no disagreements, we do not
actively sample and instead rely on the base USL training.
B. Tackling Over-Segmentation Errors: To address over-
segmentation errors, where a single identity is split across
multiple uncertain regions, we construct a set of informative
pairs, Uos. Our goal is to find potential must-links between
images in different regions that may belong to the same in-
dividual. Our strategy samples representative pairs based on
the medoids of these regions of uncertainty. For each region
Sk, its medoid is the image whose feature vector is closest to
all other feature vectors within that region. From the collec-
tion of all medoids {m1, . . . ,mM}, we generate candidate
pairs for Uos by identifying the kmax nearest neighbors for
each medoid in the feature space, as shown in Fig. 1(B). A
pair of images is included in Uos only if their similarity is
greater than or equal to a predefined threshold, smin. This
threshold is crucial for filtering out obvious mismatches and
focusing on pairs that are potentially from the same identity.
C. Tackling Under-Segmentation Errors: To identify
informative pairs for resolving under-segmentation errors,
we focus on fine-grained disagreements between clustering
methods A and B. Our goal is to find image pairs that can
resolve whether they should be assigned to different clusters.

First, we define Ĩk as the set of all inconsistent pairs in a
region Sk, using the symmetric difference (△) between the
pairs grouped by method A (A+

k ) and method B (B+
k ):

Ĩk = A+
k △ B+

k (1)

This set, however, can contain redundant pairs that resolve
the same ambiguity. To create a more efficient set of queries,
we propose resolving each ambiguity by querying only the
single, most informative pair. The most ambiguous bound-
aries are represented by the “closest pairs” between distinct
clusters. We define Pcand

k as the set of these closest pairs for

all distinct cluster pairs within Sk (for both A and B):

Pcand
k =

{
argmin
(xu,xv)

(dist(xu, xv)) | (xu, xv) ∈ Ycζi
× Ycζj

∀cζi , c
ζ
j ∈ Sk, i ̸= j and ζ ∈ {A,B}

}
(2)

We then filter the set of initial inconsistent pairs, Ĩk, by inter-
secting it with our set of closest candidate pairs (Fig. 1(C)):

Ik = Ĩk ∩ Pcand
k ∀ k ∈ {1, . . . ,M} (3)

Finally, the sampling pool for under-segmentation, Uus, is
the union of all Ik across all uncertainty regions, comprising
the most informative and non-redundant pairs.
D. Defining Marginal Probability Distribution over U :
Our objective is to define the marginal probability distribu-
tion P (Y ) over any pair of images Y = (xu, xv) in the total
sampling pool U=Uos∪ Uus. This distribution is a weighted
combination of our strategies for resolving over- and under-
segmentation errors, with a prior probability ϵ ∈ [0, 1] con-
trolling their relative importance.

For pairs from the over-segmentation pool Uos, the condi-
tional probability is their feature similarity:

P (Y =(xu, xv) |Y ∈Uos)=
sim(xu, xv)∑

sim(x′
u, x

′
v)

(4)

where the sum in the denominator runs ∀(x′
u, x

′
v) ∈ Uos. For

pairs from the under-segmentation pool Uus, we recognize
that the relevance of an inconsistent pair depends on its re-
lationship—whether it’s an inlier–inlier (β1), inlier–outlier
(β2) or outlier–outlier (β3) pair, as identified by DBSCAN.
We model the conditional probability for these pairs as a
product of three factors: a prior probability (πi) for the rela-
tionship type, a likelihood (ρk|i) of sampling from the uncer-
tain region and a conditional probability (ωy|ik) of sampling
the specific pair itself. This approach prioritizes regions with
more ambiguous underlying structures. These probabilistic
components are formally defined in the supplementary. The
conditional probability of sampling a pair from Uus is:

P (Y = (xu, xv) | Y ∈ Uus) = πi · ρk|i · ωy|ik (5)

The final marginal probability distribution for Y ∈U is:

P (Y )= ϵ·P (Y |Y ∈Uos) + (1−ϵ)·P (Y |Y ∈Uus) (6)

E. Refining Pseudo Labels with Pairwise Constraints:
To address the limitations of existing constrained clustering
methods (detailed in supp.), particularly the lack of general-
purpose methods, we introduce a Non-Parametric, Plug-and-
Play (NP3) algorithm that refines any given cluster partitions
using pairwise constraints. Our method first enforces must-
link (ML) constraints by merging clusters, followed by a
systematic purification process that is used to resolve any
resulting cannot-link (CL) violations.

For each impure cluster, we first consider only the data
points and constraints within that cluster. Using only these
internal constraints, we define a ML group as a set of points
that must be clustered together, based on the transitive clo-
sure of the ML constraints. We then build a conflict graph
where each node represents one of these local ML groups
and an edge connects any two groups with a CL constraint
between them. The connected components of this conflict
graph are our CL groups for the impure cluster.
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Figure 2: Illustration of the proposed Non-Parametric, Plug-and-Play (NP3) algorithm for refining pseudo labels using pairwise
constraints. Given an arbitrary initial clustering, NP3’s first step is to satisfy all ML constraints by merging clusters that contain
ML pairs. While this addresses ML constraints, it might lead to violations of CL constraints. To purify such impure clusters, our
algorithm leverages a combination of graph coloring and Hungarian matching. Intuitively, all ML pairs inside an impure cluster
are treated as single conceptual nodes for graph coloring, and any remaining CL pairs in the impure cluster are considered
connected via edges. The graph is then colored, ensuring that all CL-constrained pairs are assigned different “colors” and thus
separated. For any data points that remain unconstrained by either ML or CL pairs, a Hungarian matching is employed to
associate them with their closest existing cluster, a strategy designed to minimize the overall change in the cluster structure.

Since a conflict graph’s chromatic number represents the
minimum number of partitions needed to satisfy all ML and
CL constraints, we can use graph coloring to purify our
clusters. We therefore assign cluster labels to the cannot-
link group with the highest chromatic number by coloring,
and use a Hungarian matching algorithm to assign labels to
the remaining cannot-link groups of the impure cluster. This
process, which is detailed in the supplementary, results in a
final clustering that satisfies all constraints (Fig. 2).
Key Takeaways: Our core idea is to sample diverse pairs
to address both under- and over-segmentation errors. We
achieve this by first identifying “uncertain regions” (S) that
span the entire feature space. Our sampling pool, U , is com-
posed of pairs both within (Uus) and across (Uos) these re-
gions, which promotes diversity across the feature space.
• Over-segmentation is addressed by querying pairs from
Uos to determine if nearby images labeled as different are
actually the same.

• Under-segmentation is addressed by querying pairs
from Uus to determine if neighboring images merged by
one method should, in fact, be separate.

This dual-sampling strategy covers most clustering ambigu-
ities while maintaining diverse data coverage.

4 Experimental Setup
Datasets: We tested our method on a collection of 13
wildlife datasets, all sourced from a subset of WildlifeReID-
10k (Adam et al. 2025), while ensuring that none of these
datasets were used to train the foundation models. Dataset
details are deferred to the supplementary, including evalua-
tions on two human Re-ID tasks using the Market-1501 and
Person-X datasets for completeness.

Experimental Protocol: Prior animal Re-ID studies
(Čermák et al. 2024; Adam et al. 2025) used the full training
set as the gallery and the test set as the query. This protocol
enabled open-set scenarios, where the query could contain
individuals not in the gallery. In (Otarashvili et al. 2024),
only the test set was used for generating both the gallery and
the query set. Since the open-set setting is more realistic for
an Animal Re-ID task, we maintain the test set as query and
create the gallery set by choosing exemplary images from
a subset of the training set. This strategy enables an open-
set evaluation as unseen individuals in the test set are absent
in the gallery. We create a held out set of randomly chosen
20% of the individuals in the training set, and up to five ex-
emplars per ID were selected from the remaining 80% of

Algorithm 1: AAS Framework for Training Re-ID Models

Require: Unlabeled images D, feature extractor f , cluster-
ing algorithms A,B, budget B

1: Extract features X = {f(xi) | xi ∈ D}.
2: Step 1: Ambiguity-Aware Sampling

(a) Generate clusters CA = A(X ) and CB = B(X ), and
apply existing ML/CL constraints.

(b) Identify ‘regions of uncertainty’ S = {S1, . . . , SM}
from disagreements between CA and CB .

(c) Construct sampling pools for over-segmentation
(Uos) and under-segmentation (Uus).

(d) Define a marginal probability distribution over the to-
tal pool U = Uos ∪ Uus (Eq. 6).

(e) Sample B pairs for annotation using this distribution.
3: Step 2: Constrained Pseudo-Label Refinement

(a) Generate pseudo-labels using a base USL method.
(b) Enforce ML constraints by merging clusters.
(c) For each resulting impure cluster, construct a conflict

graph of must-link groups.
(d) Resolve CL violations by graph coloring and Hungar-

ian matching
4: Step 3: Model training Retrain the Re-ID model with

refined pseudo-labels using base USL method.

the individuals, using MegaDescriptor based similarity. For
a fair comparison, we follow the same protocol for every
method. Further details are provided in the supplementary.

Evaluation Metrics: For evaluating animal Re-ID per-
formance in a closed-set scenario, we employed conven-
tional metrics typically used in person Re-ID: mean Aver-
age Precision (mAP) and Top-{1, 3, 5, 10} accuracy. Addi-
tionally, we included mean Inverse Negative Penalty (mINP)
for Animal Re-ID. The Top-k accuracy was computed in-
dependently for each dataset before being averaged. (Adam
et al. 2025) noted that the datasets for animal species might
be highly imbalanced, both in terms of number of images
as well as individuals. They proposed balancing the perfor-
mance by averaging over all individuals and datasets to pro-
vide a general Re-ID performance measure for each individ-
ual. Following the same setting, we report Balanced Accu-
racy on Known Samples (BAKS) to measure the Re-ID per-
formance in closed setting. Similarly, Balanced Accuracy on
Unknown Samples (BAUS) uses a fixed threshold on Re-ID
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scores to determine whether the query is ‘known’ or ‘un-
known’. Since a single threshold may not fully reflect over-
all open-set performance, we instead report the AUC-ROC.

Baselines: We benchmarked the animal Re-ID datasets
using two foundation animal Re-ID models (MegaDescrip-
tor (Čermák et al. 2024) and MiewID (Otarashvili et al.
2024)) and multiple USL methods (ICE (Chen, Lagadec,
and Bremond 2021), PPLR (Cho et al. 2022), ClusterCon-
trast (Dai et al. 2021), RTMem (Yin et al. 2023), Purifica-
tionReID (Lan et al. 2023) and SpCL (Ge et al. 2020)). As
mentioned previously, we used SpCL (Ge et al. 2020) as our
base USL method for training Re-ID models. For bench-
marking existing AL Re-ID methods, due to lack of open-
sourced implementation, we re-implemented the most recent
and current state-of-the-art AL person Re-ID method, GBAS
and LBAS, proposed by (He et al. 2024). We also used a
simple baseline that actively samples random pairs of unla-
beled images. We also used NIS (Perez et al. 2024), which
is not an AL Re-ID method but was proposed as an AL tech-
nique designed for animal population estimation. We used
the NIS sampling strategy to get oracle feedback for pair-
wise ML and CL constraints. Similar to all previous USL
and AL Re-ID methods, we also use a ResNet-50 backbone
to extract the features. We also report baseline (pretrained)
and skyline (fine-tuned on 100% data) performances.

Implementation Details: We use the official code repos-
itories for all foundation, USL and AL Re-ID (only NIS
available) methods. Since our AL Re-ID is based on SpCL,
we use their official training configuration for training our
Re-ID model. This implies that our similarity function
sim(xu, xv) is based on the reciprocal K-Nearest Neighbors,
as in SpCL. Instead of retraining from scratch after each AL
cycle for the specified number of epochs, we train the model
once while actively sampling image pairs every few epochs.
This reduces the overhead to train the model multiple times
for a large number of epochs. This strategy is followed for
every AL approach compared. Specifically, we train all our
models (USL and AL) for 50 epochs only, and we propose
to actively sample the image pairs after every 10 epochs,
resulting in a total of 5 AL cycles. Moreover, all AL base-
lines perform pseudo-label refinement using NP3 for a fair
comparison. Unlike person Re-ID, NIS proposed defining
the budget using a fraction of total number of all possible
pairwise combinations instead of total number of individu-
als. We also use a similar technique and use a budget 0.02%
in each AL cycle. In all our experiments, we fix the hyper-
parameters (ϵ, kmax, smin) to (0.6, 5, 0.3).

5 Results and Analysis
The experimental results demonstrate the superior perfor-
mance of our proposed Ambiguity-Aware Sampling across
both wildlife and person Re-ID benchmarks. We summarize
our results on all 13 animal Re-ID datasets in Table 1, where
we report the average performance over 4 runs for all AL Re-
ID methods. AAS consistently achieves the highest scores
across all metrics for closed and open set evaluation, signif-
icantly outperforming existing foundational, USL and AL
Re-ID methods. We report that by using only 0.033% of all
pairwise annotations, we achieve a significant average im-
provement of 10.49%, 11.19% and 3.99% (mAP) over foun-
dation, USL and AL methods, respectively, while attaining
state-of-the-art performance on each dataset. Furthermore,
we also show an improvement of 11.09%, 8.2% and 2.06%
(AUC ROC) for unknown individuals in an open-world set-

ting. Notably, while all AL methods were allotted a maxi-
mum budget of 0.1%, AAS inherently utilized only 0.033%
due to its design, further showcasing its efficiency in reduc-
ing annotation effort. This is particularly impressive when
compared to the 100% budget of the Skyline model, as AAS
still closely approaches its performance in key metrics like
Top-5 accuracy (85.04% for AAS vs. 85.38% for Skyline),
a performance level that other AL methods evidently fail
to achieve. In the supplementary, we also show that AAS
outperforms LBAS and achieves near skyline performance
of 61% mAP with more AL cycles and training iterations,
while still sampling only 0.037% of the pairs, even when
a much higher budget of 10% is available. We also per-
formed a Wilcoxon signed-rank test on mAP values across
all wildlife datasets, obtaining a p-value of at most 1.22e-
4 when comparing AAS with all other AL baselines. This
highlights that our improvements are statistically significant.

In Fig 3, we demonstrate that we also outperform all AL-
ReID and base SpCL methods after every AL cycle, show-
casing that the pairs sampled by AAS are indeed informa-
tive. Furthermore, the budget utilized by AAS in each AL
cycle reduces as the training progresses. This indicates that
the pseudo-labels in the initial phase of training are nois-
ier and therefore require more supervision. We also provide
an analysis of the performance for each of the 13 wildlife
datasets in the supplementary, with plots on average perfor-
mance along with the standard deviation.

Our analysis on person Re-ID (Table 2) reinforces the
robustness of AAS. We again observe that we consistently
outperform all the evaluated methods across both Market-
1501 and Person-X datasets. On Market-1501, we observe
an improvement of 1.95% in mAP and 1.05% in Top-1 accu-
racy over the best performing and state-of-the-art AL strat-
egy LBAS. Similarly, for the Person-X dataset, we observe
an improvement of 3.77% and 2.68% in terms of mAP and
Top-1 accuracy, respectively, as compared to LBAS. Collec-
tively, these results establish AAS as a highly effective AL
strategy that significantly boosts performance while drasti-
cally reducing the labeling budget required for both wildlife
and person Re-ID applications.

6 Discussion and Conclusion

In this work, we presented a novel AL Re-ID framework,
AAS, that targets resolving both over- and under- segmen-
tation errors by leveraging clustering disagreements. AAS
systematically uncovers structurally ambiguous regions in
the embedding space by leveraging disagreements in clus-
tering. By targeting both over- and under-segmentation er-
rors, AAS enables highly informative and diverse pairwise
annotations, allowing effective training with minimal super-
vision. We also introduced NP3, a general-purpose, non-
parametric constrained clustering algorithm that seamlessly
integrates pairwise constraints into any clustering pipeline.

Our experiments demonstrate that AAS outperforms ex-
isting foundation, USL and AL Re-ID techniques on a
wide range of wildlife and person Re-ID benchmarks.
Importantly, AAS achieves this with only 0.033% bud-
get—highlighting its efficiency and scalability.

Our work highlights the promise of structured uncertainty
modeling in AL and contributes a practical, effective frame-
work for real-world Re-ID systems.
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Methods mAP mINP BAKS AUC ROC Top-1 Top-3 Top-5 Top-10 Budget
ResNet-50 (Baseline) 38.88% 21.34% 48.62% 60.87% 48.37% 65.21% 71.01% 81.05% 0%
ResNet-50 (Skyline) 64.29% 49.75% 72.04% 80.02% 72.88% 81.06% 85.38% 91.27% 100%
Foundation Methods
MegaDescriptor 45.65% 26.57% 55.57% 64.12% 56.46% 70.83% 78.14% 85.48% 0%
MiewID 41.16% 21.08% 57.04% 63.72% 56.41% 69.88% 76.63% 85.28% 0%
Unsupervised Learning (USL) Methods
ICE 48.70% 30.08% 61.17% 70.55% 61.52% 73.93% 80.2% 87.32% 0%
PPLR 51.23% 32.62% 61.99% 71.49% 63.78% 78.19% 81.25% 87.89% 0%
ClusterContrast 45.92% 27.81% 57.97% 69.43% 58.15% 71.83% 77.74% 86.49% 0%
RTMem 48.00% 29.28% 60.57% 69.70% 61.4% 72.23% 77.65% 84.85% 0%
PurificationReID 51.15% 32.63% 62.86% 72.40% 63.16% 76.92% 83.25% 88.45% 0%
Active Learning Methods (based on SpCL)
SpCL (Base) 44.95% 27.37% 55.38% 67.01% 56.65% 71.04% 76.35% 84.32% 0%
+ Random 46.67% 29.02% 57.28% 68.33% 58.11% 71.96% 78.35% 85.03% 0.1%
+ GBAS 48.61% 30.35% 60.53% 71.50% 60.56% 73.89% 80.06% 87.41% 0.1%
+ LBAS 52.15% 34.06% 63.62% 73.15% 63.99% 76.64% 82.44% 88.18% 0.1%
+ NIS 50.72% 32.73% 61.21% 72.30% 61.78% 75.58% 80.44% 87.41% 0.1%
+ AAS 56.14% 38.17% 67.15% 75.21% 67.71% 79.08% 85.04% 91.18% 0.033%

Table 1: Averaged results for 13 animal Re-ID datasets. Each block reports performance using foundational, USL and AL Re-ID
methods, respectively. SpCL is the base method used for training the Re-ID model after each AL cycle.

Methods Market-1501 Person-X
mAP Top-1 Top-5 Top-10 mAP Top-1 Top-5 Top-10

SpCL (Base) 66.23% 83.73% 92.78% 94.88% 51.43% 74.80% 89.93% 93.75%
+ Random 65.10% 83.58% 92.60% 94.85% 49.10% 72.43% 87.65% 91.93%
+ GBAS 67.25% 84.73% 93.13% 95.20% 52.83% 75.25% 89.33% 93.08%
+ LBAS 67.38% 84.88% 93.63% 95.58% 60.48% 79.95% 92.83% 95.90%
+ NIS 66.05% 84.18% 93.25% 95.50% 53.83% 75.15% 90.30% 94.13%
+ AAS 69.33% 85.93% 94.08% 96.00% 64.25% 82.63% 94.83% 97.03%

Table 2: Results for base USL method (SpCL) used for training Re-ID models after each AL cycle, and performance comparison
between AL Re-ID methods on (left) Market-1501 and (right) Person-X datasets.

0.02% 0.04% 0.06% 0.08% 0.1%
Max. Annotation Budget

42

46

50

54

m
AP

 (%
)

0.02%

0.025%

0.029%

0.031%
0.033%SpCL

+ Random
+ GBAS
+ LBAS
+ NIS
+ AAS

(a) Wildlife Datasets

1n 2n 3n 4n 5n
Max. Annotation Budget

30

40

50

60

70

m
AP

 (%
)

SpCL
+ Random
+ GBAS
+ LBAS
+ NIS
+ AAS

(b) Market-1501

1n 2n 3n 4n 5n
Max. Annotation Budget

25

35

45

55

65

m
AP

 (%
)

SpCL
+ Random
+ GBAS
+ LBAS
+ NIS
+ AAS

(c) Person-X

Figure 3: Performance comparison between base SpCL, existing AL Re-ID methods and AAS after every AL cycle. The
numbers for AAS in (a) represent the total utilized budget. Since the utilized budget is approximately the same for all AL
methods in (b) and (c), we remove them for clarity.
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