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Abstract. Re-Identification (ReID) enables real-world applications such as AI-
powered surveillance, criminal identification, event understanding, and smart
city development. However, it remains challenging due to occlusions, view-
point changes, and background similarities. Supervised methods perform well
but rely on costly, biased annotations, limiting scalability. To address this, we
propose self-supervised algorithms for Unsupervised ReID (U-ReID), extend-
able to modalities such as Text Authorship Verification, tackling high intra-class
variation and low inter-class distinction. Our work introduces three fully unsu-
pervised ReID methods: one using camera labels, one without side information,
and one scalable to large datasets. We also present a fourth hybrid method for
long-range recognition under distortions. These solutions enhance generaliza-
tion and enable real-world applications in forensics and biometrics.

1. Introduction

Re-Identification (ReID) is crucial in applications like crime investigation and surveil-
lance, aiming to match whole-body images of the same individual, or images of the
same object, across cameras under varying conditions. It faces challenges like illumi-
nation changes, occlusions, viewpoint variations, and background similarities, leading
to high intra-class discrepancy and low inter-class similarity. Traditional ReID meth-
ods rely on supervised learning, which demands costly, time-consuming, and error-prone
annotations that introduce bias and hinder generalization. As a result, Self-Supervised
Learning (SSL) has gained attention for its ability to learn from unlabeled data. Meth-
ods like MoCo (Momentum Contrast) [He et al. 2020] and DINO (Self-Distillation with
no labels) [Caron et al. 2021] use contrastive learning, while others employ feature dis-
entangling or clustering. Although SSL matches supervised performance, it often relies
on datasets like ImageNet [Deng et al. 2009], where coarse class distinctions and simple
augmentations suffice. In contrast, real-world tasks like ReID require attention to fine-
grained details, making SSL more challenging.

This thesis presents four Unsupervised Re-Identification (U-ReID) solutions, each
enhancing performance and generalization. The first method uses unsupervised domain
adaptation with triplet creation and self-ensembling. The second removes the need for
camera labels, applying ensemble-based knowledge combination and clustering strate-
gies, and extends to tasks such as Text Authorship Attribution. The third method ad-
dresses large-scale U-ReID scenarios for persons (U-PReID) and vehicles (U-VReID) by
introducing ReRanking and co-training label strategies. The fourth (design during the



candidate’s internship at the University of Colorado Colorado Springs, USA, and spon-
sored by IARPA1) focuses on long-range recognition for face and person re-identification,
contributing to counterterrorism efforts. Each method advances U-ReID and related
fields, with notable publications in leading journals and conferences. In summary, the
main contributions of this thesis are:

• A method that adapts to an unknown, unlabeled target domain by leveraging meta-
information (e.g., camera labels) and knowledge from a different source domain, using
novel strategies such as cross-camera triplet-based learning, self-ensembling without
human intervention, and a simple ensembling strategy for validation and deployment.

• A fully unsupervised solution that operates without meta-information or source do-
main initialization, utilizing neighborhood-based ensembling, clustering fusion to
mitigate human bias, and a flexible model that can be applied to both Computer Vision
(Unsupervised ReID) and NLP (Text Authorship Attribution).

• A large-scale, fully-unsupervised solution that learns from unlabeled data across re-
identification tasks, featuring neighborhood-based sampling and re-ranking strate-
gies, noise-aware clustering hyperparameter scheduling, and a co-training method for
knowledge sharing without relying on complex supervision or hyperparameter tuning.

• A method to enhance robustness in long-range recognition tasks under atmospheric
turbulence, with novel augmentation techniques, distortion-adaptive training, and fea-
ture magnitude-based model ensembling, improving performance for distorted data.

2. Related Work
Unsupervised Domain Adaptation (UDA) for ReID transfers knowledge from a
labeled source domain to an unlabeled target domain and is typically catego-
rized into generative, attribute alignment, and label-proposing. Generative meth-
ods [Li et al. 2019, Zou et al. 2020, Lin et al. 2020] synthesize data to bridge domain
gaps. Attribute alignment methods [Qi et al. 2019, Wu et al. 2019] align soft-biometric
attributes across domains. Label-proposing approaches [Tang et al. 2019, Fu et al. 2019]
assign pseudo-labels to target samples using clustering algorithms. Memory-based mod-
els [Wang and Zhang 2020, Ge et al. 2020a] iteratively store and update feature represen-
tations. Some methods leverage metadata, like camera labels [Xuan and Zhang 2021,
Wang et al. 2020a, Chen et al. 2021], or tracklets [Wang et al. 2020b, Wu et al. 2019].
Fully unsupervised methods [Chen et al. 2020, Ge et al. 2020b, Zhang et al. 2021,
Cho et al. 2022] refine clustering without additional metadata.

Our proposed approaches, besides operating without annotations, introduce
strategies to reduce hyperparameter sensitivity and integrate multi-model knowledge,
improving adaptability to unlabeled datasets, which is not addressed by most of
prior works. Moreover, our second method extends to fully unsupervised Text Au-
thorship Attribution, identifying authorship without labels. While models such as
BERT [Devlin et al. 2018], BERTweet [Nguyen et al. 2020], and T5 [Raffel et al. 2019]
rely on self-supervised learning, our approach targets authorship attribution in unlabeled
corpora. Compared to AdHominem [Boenninghoff et al. 2019a], which uses attention-
based LSTMs, and others based on n-grams [Potha and Stamatatos 2014] or siamese net-
works [Boenninghoff et al. 2019b], our solution enhances flexibility and scalability for
real-world applications. A more comprehensive literature review is provided in the thesis.

1https://www.iarpa.gov/research-programs/briar



3. Methodologies

We briefly describe the four proposed methods. Further details about publications and
impact are in the subproduct report submitted along with this document.

3.1. Unsupervised and self-adaptative techniques for cross-domain person
re-identification

In the first proposed method (Chapter 2 of the thesis), we aim to re-identify people in
a camera system, assuming that we know from which camera each person has been
recorded, i.e., we do not know who is present in a given frame, but we know the camera
label. We start with a few (usually three) Deep Convolutional Neural Network (DCNN)
models previously trained on another ReID dataset to learn initial task-related features.
We propose an UDA algorithm to train these networks on the target unlabeled data, lever-
aging a novel Cross-Camera Triplet creation strategy on training, a self-ensembling strat-
egy, and backbone ensembling during evaluation.

3.2. Leveraging ensembles and self-supervised learning for fully-unsupervised
person re-identification and text authorship attribution

In the second solution (Chapter 3 of the thesis), we address a real-world deployment
scenario by disregarding camera information and using the same backbones but with-
out pre-training on any task-specific dataset. Only the person’s bounding box is avail-
able (no identity or camera annotations) and the backbones are initialized with ImageNet
weights. We propose a novel ensemble-based strategy that combines neighborhood-based
distances between samples from each manifold into a single distance matrix, effectively
ensembling distinct knowledge captured by each backbone. Additionally, we introduce
a new ensemble-based clustering strategy that combines clustering results from different
hyperparameter settings to produce clusters with lower false-positive rates. This solution
does not rely on any task-specific metadata, generalizing it to domains beyond ReID.

To evaluate its generalization capability, we consider a second task in the Natural
Language Processing (NLP) domain: Text Authorship Attribution (TAA) for short mes-
sages. The goal is to group short messages from the same author in a fully unsupervised
manner, using only raw text as input. To the best of our knowledge, at the time of the
proposal, this was the first attempt to apply the same self-supervised learning pipeline to
different modalities with only minor adjustments for two forensic tasks. This pipeline
outperforms the state of the art in U-ReID and shows promising results in text analysis.

3.3. Large-scale Fully-Unsupervised Re-Identification

In the third proposed method (Chapter 4 of the thesis), we maintain the same constraints
as in the second solution but introduce novel strategies to handle large-scale scenarios,
along with an extension to Unsupervised Vehicle Re-Identification (U-VReID). This so-
lution includes several enhanced components: a self-supervised model pre-initialization
on the target data, a sampling technique to reduce data size per iteration, a more efficient
ReRanking technique suited for large-scale learning, clustering hyperparameter schedul-
ing, and a co-training label strategy. It outperforms state-of-the-art methods that rely on
full datasets for ReRanking and select hyperparameters based on the final query/gallery
split. We argue that such prior work practices are unrealistic, as the standard assumption



is that the data is fully unlabeled, making grid search for optimal hyperparameters infeasi-
ble in real-world deployments. In summary, this third pipeline targets large-scale learning
through localized ReRanking, with reduced sensitivity to hyperparameter choices, and a
co-training label strategy that improves clustering performance.

3.4. DaliID: Distortion-Adaptive Learned Invariance for Identification–a Robust
Technique for Face Recognition and Person Re-Identification.

The fourth solution (Chapter 5 of the thesis) addresses a growing area in biometrics:
long-range recognition. It was designed to perform Face Recognition and Person Re-
Identification on images affected by varying levels of distortion, primarily caused by at-
mospheric turbulence. This collaborative work was developed during Gabriel’s internship
at the University of Colorado Colorado Springs (UCCS), USA, during which he was a
member of the Biometric Recognition and Identification at Altitude and Range (BRIAR)
program2, a U.S. government-supported project focused on counterterrorism, critical in-
frastructure protection, transportation security, military force protection, and border se-
curity (sponsored by IARPA). Gabriel was one of the solution’s designers and conducted
all experiments, analyses, and conclusions related to the Person Re-Identification task,
as well as supporting experiments and data collection for long-range Face Recognition.
While not as unsupervised as the previously proposed solutions, this method is part of
a broader framework that incorporates unsupervised techniques during evaluation to im-
prove whole-body person matching performance.

4. Results
Following prior work, our results are reported using mean Average Precision
(mAP) and rank-based metrics, including Rank-1 (R1), Rank-5 (R5), and Rank-
10 (R10). The evaluated datasets include Market1501 [Zheng et al. 2015],
DukeMTMC-ReID [Ristani et al. 2016]3, MSMT17 [Wei et al. 2018],
DeepChange [Xu and Zhu 2023], Veri776 [Liu et al. 2016b],
VehicleID [Liu et al. 2016a], and Veri-Wild [Lou et al. 2019]. For text anal-
ysis, we employ [Theophilo et al. 2021]. Additional details are provided in Appendix B
of the thesis. Due to space constraints, we present condensed result tables, focusing on
the strongest competitors, while full tables and analyses are included in the thesis.

4.1. Results of the first method

Our first method demonstrates superior performance in the more challenging adaptation
scenarios, where difficulty is determined by the number of cameras in the dataset. The
most complex adaptation, Market→ MSMT17, involves transitioning from a controlled
environment (6 cameras, same day period and season) to a highly diverse setting (15 cam-
eras, both indoors and outdoors, recorded across different times of the day and seasons).
As shown in Table 1, our method outperforms the state of the art by 1.5 and 2.1 percent-
age points (p.p.) in mAP and Rank-1, respectively, for Duke→ MSMT17, and by 2.2 and
4.2 p.p. for the most challenging case, Market→ MSMT17.

2https://www.iarpa.gov/research-programs/briar
3Due to redaction, this dataset is not used for evaluation in the third and fourth solutions. More

details are available at https://www.dukechronicle.com/article/2019/06/duke-university-facial-recognition-
data-set-study-surveillance-video-students-china-uyghur.



This success is attributed to our explicit design for handling camera diversity by
constructing triplets based on different camera views within a cluster. Additionally, our
approach uses a simpler training process with only one hyperparameter (triplet loss mar-
gin), whereas many prior works rely on complex loss functions with multiple hyperparam-
eters, often tuned specifically for Duke→ Market and Market→ Duke adaptations.
This reliance on predefined hyperparameters may introduce bias, while our method re-
mains robust across diverse adaptation setups. Further details and more comprehensive
comparison to prior works are provided in Chapter 2 of the thesis.

Table 1. Results on Market1501 to MSMT17 and DukeMTMCRe-ID to MSMT17 adap-
tation scenarios. The best result is shown in blue, the second in green, and
the third in orange. RR means ReRanking.

Duke → MSMT17 Market → MSMT17
Method reference mAP R1 R5 R10 mAP R1 R5 R10
SSKD [Liu et al. 2021] NDIC’21 26.0 53.8 66.6 72.0 23.8 49.6 63.1 68.8
ABMT [Chen et al. 2020] WACV’20 33.0 61.8 - - 27.8 55.5 - -
SpCL [Ge et al. 2020b] NeurIPS’20 - - - - 31.0 58.1 69.6 74.1
Ours (w/o RR) This Work 34.5 63.9 75.3 79.6 33.2 62.3 74.1 78.5
Ours (w/ RR) This Work 46.6 69.6 77.1 80.4 45.2 68.1 76.0 79.2

4.2. Results of the second method

Our results in Table 2 highlight the effectiveness of our fully unsupervised method, which
operates without identity labels or meta-information. We achieve state-of-the-art perfor-
mance on the most challenging datasets, Duke and MSMT17, and obtain the second-best
result on Market in terms of mAP and Rank-1. Designed to handle complex, fully un-
labeled multi-modal scenarios, our method excels on difficult datasets, even though some
existing Person ReID methods perform better in simpler cases like Market.

Many existing works leverage metadata such as camera labels and tracklets. As
explained in the thesis, camera information significantly boosts performance, as it nat-
urally involves cross-camera retrieval. This is particularly evident when comparing our
results with the camera-based method PPLR [Cho et al. 2022], which surpasses ours by
5.1 p.p. in Rank-1 on MSMT17 (result presented in the thesis). However, our approach
still achieves the highest mAP on this dataset, demonstrating its ability to retrieve more
true positive samples closer to the query. Notably, our method delivers the best overall
performance, even when compared to methods that utilize strong camera metadata.

We also address the Text Authorship Attribution (TAA) task by adapting
BERT [Devlin et al. 2018], BERTweet [Nguyen et al. 2020], and T5 [Raffel et al. 2019].
The employed dataset has two test sets for evaluation [Theophilo et al. 2021]. Our method
is compared against a prior work employing a supervised Siamese network model. De-
spite being fully unsupervised, our approach surpasses the supervised method by 7.0 and
24.5 p.p. in mAP and R1 on the first subset, and by 2.6 and 11.7 p.p. on the second. This
demonstrates that our method effectively reduces the reliance on labeled data.

Figure 1 shows one success and one failure case for two cameras from the
Market1501 dataset. We observe that the model can mine fine-grained details across
all images, regardless of the camera, and retrieve true positive samples within the top 10
results. Failure cases are mostly due to visual similarity between identities (e.g., similar



Table 2. Comparison with relevant fully-unsupervised Person ReID methods. The
best one is in blue, the second best in green, and the third in orange. Full
table version is provided in the thesis.

Market Duke MSMT17
Method Reference mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10

Fully Unsupervised
Market Duke MSMT17

Method Reference mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10
HCT [Zeng et al. 2020] CVPR’20 56.4 80.0 91.6 95.2 50.7 69.6 83.4 87.4 - - - -
RLCC [Zhang et al. 2021] CVPR’21 77.7 90.8 96.3 97.5 69.2 83.2 91.6 93.8 27.9 56.5 68.4 73.1
ICE [Chen et al. 2021] ICCV’21 79.5 92.0 97.0 98.1 67.2 81.3 90.1 93.0 29.8 59.0 71.7 77.0
CACL [Li et al. 2022] TIP’22 80.9 92.7 97.4 98.5 69.6 82.6 91.2 93.8 23.0 48.9 61.2 66.4
PPLR [Cho et al. 2022] CVPR’22 81.5 92.8 97.1 98.1 - - - - 31.4 61.1 73.4 77.8
ISE [Zhang et al. 2022b] CVPR’22 84.7 94.0 97.8 98.8 - - - - 35.0 64.7 75.5 79.4
Ours 83.4 92.9 97.1 97.8 72.7 83.9 91.0 93.0 42.6 68.2 77.9 81.4

T-shirts and hair). Further details and more comprehensive comparison to prior works are
provided in Chapter 3 of the thesis.

(a) Camera 1 Success (b) Camera 1 Failure

(c) Camera 3 Success (d) Camera 3 Failure

Figure 1. Success and failure cases considering one query (leftmost image) from
two cameras on Market. Green border means true positive and red border
means false positive samples.

4.3. Results of the third method
Our method is compared to prior works in Table 3. We highlight methods that tune clus-
tering parameters per dataset, as they are not applicable in real-world fully unsupervised
settings. AdaMG [Peng et al. 2023] achieves good results on Market and MSMT17 but
suffers performance drops when using the same parameter across datasets. Our ε schedul-
ing scheme outperforms AdaMG by 1.2 and 0.1 p.p. in mAP and R1 on Market, and by
5.2 and 4.6 p.p. on MSMT17. We also compare with ensemble-based methods discussed
in Chapter 4 of the thesis.

In addition, our method outperforms prior works in Vehicle Re-Identification. On
the Veri-Wild dataset, in the most challenging setup (VW-Large), we achieve im-
provements of 4.5, 1.7, and 0.6 p.p. in mAP, R1, and R5, respectively, using only 75%
of the data. Figure 2 presents qualitative results on the Veri dataset. In successful
matches, our model learns fine-grained, point-of-view-invariant features, focusing on spe-
cific discriminant regions while remaining robust to background variations. Activation
maps highlight key regions, with minimal activation in the background. In failure cases,
the model retrieves visually similar images that are difficult to distinguish, even for hu-
mans. Further details and more comprehensive comparison to prior works are provided
in Chapter 4 of the thesis.



Table 3. Comparison of Person ReID methods, with the best result in blue, the
second best in green, and the third in orange. RRMC denotes Re-Ranking
Memory Complexity, while CPD indicates whether the method requires
dataset-specific clustering parameters. (p%) represents the proportion of
data points sampled in Local Neighborhood Sampling per epoch.

Market MSMT17
Method Reference RRMC CPD mAP R1 R5 R10 mAP R1 R5 R10
CCons [Dai et al. 2022] ACCV’22 O(N2) No 83.0 92.9 97.2 98.0 33.0 62.0 71.8 76.7
ISE [Zhang et al. 2022b] CVPR’22 - Yes 84.7 94.0 97.8 98.8 35.0 64.7 75.5 79.4
HHCL [Hu et al. 2021] NIDC’21 O(N2) No 84.2 93.4 97.7 98.5 - - - -
GRACL [Zhang et al. 2022a] TCSVT’22 O(N2) No 83.7 93.2 97.6 98.6 34.6 64.0 75.0 79.3
AdaMG [Peng et al. 2023] TCSVT’23 O(N2) Yes 84.6 93.9 97.9 98.9 38.0 66.3 76.9 80.6
Ours (50%) O(kN) No - - - - 24.3 50.4 60.6 65.4
Ours (75%) O(kN) No 82.9 92.6 97.0 97.8 39.3 67.3 77.3 80.8
Ours (100%) O(kN) No 85.8 94.0 97.7 98.5 43.2 70.9 80.8 84.2

(a) (b)

Figure 2. Activation maps for the top-5 images retrieved from the gallery, given a
query image (blue border) in the Veri dataset.

4.4. Results of the fourth method

Our method DaliID achieves the best performance on the Market1501 dataset, outper-
forming prior work by 0.8 p.p. in mAP, and tying for second place (along with FIDI)
with a R1 of 94.5%. On MSMT17, the most challenging Person ReID benchmark, we
achieve the best performance, surpassing prior works by 5.9 and 3.2 p.p. in mAP and
R1, respectively. With OSNet, we obtain the best performance on both datasets in both
metrics.

To show the generalization ability, we trained DaliID on DeepChange, where
subjects wear different clothes across views. We outperform recent prior work by 2.9
and 6.8 p.p. in mAP and R1, respectively. In addition to clothing changes, DeepChange
presents more distortions and lower-quality data than Market and MSMT17. Our method
achieves the highest R1 gain and the second-highest mAP gain (after MSMT17), indicating
that it is especially effective in low-quality conditions. Further details and more compre-
hensive comparison to prior works are provided in Chapter 5 of the thesis.

5. Conclusion and Future Work

Our methods address key challenges in fully unsupervised re-identification, offering
adaptable solutions for forensic and biometric applications. A potential extension in-
volves integrating our approaches into broader investigative pipelines to map relationships
between individuals, vehicles, and locations. Advances in Large Language Models and
Large Vision Models based on Transformers offer a promising direction for improving
feature extraction in re-identification tasks. Additionally, recent self-supervised cluster-
ing techniques in DeepFake detection suggest applications in the analysis of synthetic
media and other forms of synthetic reality.



Our contributions span event investigation, smart security, and biometrics, intro-
ducing three self-supervised learning algorithms and a hybrid supervised-unsupervised
method. Future research directions include integrating Large Vision Models, develop-
ing explainable AI techniques, and addressing other real-world deployment constraints.
Overall, these findings contribute to fields of biometrics and forensic science, while also
enabling extensions into broader AI and Computer Science research. Please, check the
six-page subproduct report to see direct uses and further applications of this research.
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