AAPG2024
Coordinated by:

ENDIVE

Bastien PASDELOUP

Theme E.2 — Artificial intelligence and data science

48 months

JCIC

296,555€

ENDIVE - ENcouraging DIVErsity in few-shot learning

SUMMARY TABLE OF PERSONS INVOLVED IN THE PROJECT

Involvement
Role & (person.month)
Partner Name First name Current position responsibilities throughout the
in the project project’s total
duration
. . Scientific coordinator
PASDELOUP Bastien Associate professor 38
WP lead
GRIPON Vincent Professor Expertlse - AFSL 8
PhD direction
IMT Atlantique FARRUGIA Nicolas Associate professor Expertise in neuroscience 4
REIFFERS-MASSON | Alexandre Associate professor Expertise in optimization 4
To be hired PhD student Participant WP1, WP2, WP4 36
To be hired Intern Participant WP3 6
To be hired Post-doc Participant WP3, WP4 18
Gipsa-lab TREMBLAY Nicolas Researcher (CRCN CNRS) Expertise in DPP 6
CRIStAL BARDENET Rémi Researcher (CPJ CNRS) Expertise in DPP 6

CHANGES WITH RESPECT TO THE PRE-PROPOSAL

The requested total in the pre-proposal was estimated to 278k<. After carefully re-assessing the financial
needs of the proposal, we have raised this amount to 296,555€. The reasons are a recent increase in PhD salary
(from 132k€ to 138k€), adjusted functioning fees (from 34.7k€ to 37,555€) and addition of two GPUs and
containing machines, that will be required to load large deep learning models (~5k€ each). The total is below
the allowed increase of 7% defined in the AAPG guide.

CONTENTS
1 Proposal’s context, positioning and objective(s) . 2
1.1 Objectives and research hypothesis . 2
1.1.1 General context . . 2
1.1.2 Research hypothesis and objectlves . 3
1.2 Position of the project as it relates to the state of the art . 5
1.2.1 Few-shot learning 5
1.2.2 Random sampling 7
1.3 Methodology and risk management 9
1.3.1 Methodology . . 9
1.3.2 WP1 — Evaluating a FSL problem . 10
1.3.3 WP2 — Transformers & diversity. . . 11
1.3.4 WP3 — Selection of relevant parts in data and features. 13
1.3.5 WP4 — Dissemination . 13
1.3.6 Deliverables . 14
1.3.7 Risks & Fallback solutlons . 14
1.3.8 Temporal organization of the project. 14
2 Organisation and implementation of the project . 15
2.1 Scientific coordinator and its team. 15
2.1.1 Scientific coordinator 15
2.1.2 Coordinator’s team . 15
2.1.3 Hired personnel . . . 16
2.2 Implemented and requested resources to reach the obJectlves . 16
3 Impact and benefits of the project 17
4 References related to the project 18



AAPG2024 ENDIVE JCJC
Coordinated by: Bastien PASDELOUP 48 months 296,555€

Theme E.2 — Artificial intelligence and data science

1 PROPOSAL'S CONTEXT, POSITIONING AND OBJECTIVE(S)

1.1  OBJECTIVES AND RESEARCH HYPOTHESIS

The objective of this project is to evaluate the benefits of diversity-aware sampling procedures — notably De-
terminantal Point Processes (DPPs) — within a Few-Shot Learning (FSL) context. We introduce in Section 1.1.1
why this is an interesting question, and then derive research questions in Section 1.1.2.

1.1.1 General context

FSL [1,2] arose as an interesting branch of machine learning, with the goal to study and reproduce a human’s
ability to learn from few examples, even in previously unseen problems, leveraging past experience [3]. More
practically, FSL focuses on application cases where only small annotated datasets are available, due to reasons as
diverse as ethics, legislation, high costs, etc. This encompasses many practical situations, such as classification
of motor imagery data [4], action recognition [5], and more generally many applications in computer vision,
robotics, audio processing, natural language processing and domain-specific cases. FSL also provides a great
framework for pseudo-labeling data, thus reducing human annotation effort [6].

Typically, FSL classification is performed by leveraging pre-trained deep learning models through transfer.
A chosen model is used to transform data into a feature representation, thus arranging data in a space learned
by the model, for easier classification. Models can be trained on external datasets with the FSL task in mind,
or taken off-the shelf. The former allows for more controlled settings, but generally leads to lower performance
than the latter. Indeed, foundation models — that are behind most latest artificial intelligence breakthroughs
such as large language models [7], vision transformers [8] or more recently video generation [9] — require very
high resources (computing and datasets) to be trained. While this is a very active direction of research, being
competitive on training such large models is realistically out of reach for us. However, using these models at
inference is pretty straightforward, as most are calibrated to be usable on mainstream GPU devices.

Beyond the training aspect, FSL has intrinsic limitations. Indeed, the very low quantity of available labeled
samples makes a FSL classification problem ambiguous by nature [10]. As an example, consider a FSL image
classification task as described in Figure 1. In fact, even with supposedly canonical reference images, a FSL
problem is still ill-posed, as the number of variables highly exceeds the amount of data available, and numerous
spurious correlations can be made.

(a) Labeled image (b) Labeled image (c) Unlabeled image
(class A) (class B) to classify

Figure 1: Example FSL image classification task from the minilmageNet dataset [11]. For each possible class,
only one labeled example is provided. Here we can observe the ambiguity of the task, as expected class would
be A, although the human, the room, or even records in the background can act as confusing elements.

Contrary to standard classification, a FSL problem is therefore very sensible to outliers, and an accurate
estimation of which data to label, or which models to use for transfer, can have a huge impact on classification
accuracy. In addition, a very low number of labeled data makes it hard to predict the performance one can
achieve for a given FSL task, as reserving a part of data for validation — as is typically done in standard machine
learning pipelines — is out of question [12].
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While these concerns are not new, it is interesting to address them from the angle of random sampling.
Indeed, sampling occurs frequently in FSL, whether for creating a FSL classification task, to choose which data
to label from a larger unlabeled dataset, or to select a model from a collection of available pre-trained models.
Since FSL is sensible to outliers, random sampling with diversity is a very promising approach. Indeed, if we
can sample points such that we have a good estimate of the mean of a distribution — i.e., be more representative
of data as a whole — and a high variance among sampled points — i.e., capture data aspects that may vary from
a sample to another —, then we could probably obtain FSL classifiers that are robust and with high accuracy.

Among sampling approaches that encourage such properties, DPPs have known a recent rise in popularity
since their integration in classical machine learning pipelines [13]. A DPP is a fully probabilistic approach,
where subsets of points have a chance to be selected that is proportional to the diversity of points they contain.
In short, a similarity is computed for all pairs of points, and used as a kernel by the DPP to find such a subset.

While DPPs have started to find a place in classical machine learning pipelines — for instance for constituting
diverse batches [14], active learning [ 15], or hyperparameter tuning [ 16] — most approaches have focused on what
DPPs can bring to training models. However, as mentioned earlier, training foundation models with state-of-the
art performance is out of reach for a standard size research team. Therefore, in this project, we are interested
in exploring what DPPs can bring to FSL, when such large and powerful models are used off-the-shelf and are
only used for transfer. We therefore hope to develop FSL approach that leverage the best models possible, with
a low carbon impact, thanks to diversity properties among data, features, or models.

1.1.2 Research hypothesis and objectives

Research hypothesis

The main research hypothesis in this project is that diversity can still help improving performance of
FSL, while leveraging powerful state-of-the-art models, even when it is impossible to train them due to the
requirements in computation power or data availability.

We therefore choose to focus on approaches that do not require training models, or for very small adaptations
only. This is also in line with the philosophy behind the BRAIn (Better Representations for Artificial Intelligence)
team™, to which the project coordinator belongs, which aims at developing smaller and more efficient models
for them to be exploitable to the general public, while reducing the carbon footprint.

In details, the points below identify some of the research questions that this project wants to address. We
choose to group them according to where they occur in a standard transfer-based FSL pipeline. Details on this
method and on other FSL approaches are provided in Section 1.2.

Data axis
* D1 — Can we predict the difficulty of a FSL task?

In classical machine learning applications, it is common to reserve a part of the training set that is used
as a validation set. The goal is to train on the remaining training data and to maximize accuracy on the
validation set, with the purpose to learn how to generalize well to new data that are representative of the test
set. Accuracy on the validation set is thus a good estimator for the model’s performance in later applications.

In FSL, reserving a part of labeled data for validation is either impossible, or severely harming the model’s
performance, due to the very low quantity of available data. Estimating FSL performance without a validation
set is therefore a challenge, for which little has been done up to now [12,17].

Exploring diversity between the available labeled samples, unlabeled samples, and datasets used to train the
model used for embedding data thus seems to be a promising direction to answer that question. Indeed, it
seems reasonable to assume that high similarity between labeled samples and some training classes of the
model, that are pairwise diverse to maximize separability, should indicate a good achievable performance
for that particular FSL task. On the contrary, a FSL task with low diversity between labeled points should
probably be an indication of low achievable performance.

™ https://www.imt-atlantique.fr/en/research-innovation/teams/brain.


https://www.imt-atlantique.fr/en/research-innovation/teams/brain

AAPG2024 ENDIVE JCJC
Coordinated by: Bastien PASDELOUP 48 months 296,555€

Theme E.2 — Artificial intelligence and data science

* D2 — Given an unlabeled dataset, which few points should be labeled to maximize few-shot classification?

As mentioned earlier, active learning has shown gains in accuracy when enforcing constraints on uncertainty
or diversity among sampled data when training models [17, 18]. In regard to these findings, we believe that
these criteria may help selecting data to annotate in a pseudo-labeling process, without training.

Additionally, some diversity-aware random sampling approaches have good properties as mean estimators,
as illustrated in Section 1.2.2. Many FSL algorithms rely on precise estimation of prototypes of classes in a
feature space. Therefore, diversity in sampled data may help on this aspect too.

* D3 — Are all parts of data relevant?

When considering a FSL image classification problem, it is easy to understand that there may be some
ambiguity. For instance, consider a labeled image of a dog playing with a person, and a second image of a
person playing the guitar. If classes of interest are “dog” and “guitar” (e.g., Figure 1), then the human acts as
a confusing agent, and performance would probably benefit from cropping operations.

Therefore, it may be beneficial to first identify parts of interest in images [10] — possibly using segmentation
approaches [19]¢" — and to select patches based on their diversity, to better characterize the feature space.

Feature axis
* F1 — Are some features more relevant to FSL than others?

In transfer-based FSL, models are used to transport data into a feature space. Data are thus represented by a
high-dimensional vector, that can be viewed as their decomposition in abstract concepts previously learned
by the model on its training set [20]. As models are generally trained on datasets with high diversity of data,
some of these concepts may not be useful for a specific task, and may as well bring confusion [21].

It is thus interesting to evaluate if some features in the embedding space provide a more concise, diverse
representation of data, and consequently improve classification when restricting the representation to them.

* F2 — Can we exploit positional embedding for better FSL classification?

Contrary to more traditional embedding approaches based on multilayer perceptrons or convolutional models,
transformers have a positional embedding [22]. The embedding of data depends on the order in which tokens
are arranged in the sentence (for large language models) or patches are arranged in the image (for vision
transformers). Thus, tokens are put into context for better representation of their associated concepts.

This property may be interesting to explore in the context of FSL. Indeed, if data to classify are contextualized
with labeled data (for instance by concatenating them, or using retrieval-augmented generation [23] to
contextualize with labeled data), we may thus obtain various representations of a same piece of data to
classify. Then, diversity of these representations in the feature space may indicate the target class, especially
when multiple labeled data are available for each class.

* F3 — Can we select good models for a FSL task?

Diverse models provide diverse representations of data. It is a known fact that the quality of transfer is
dependent on the proximity between the model’s training dataset and the application case [24]. This raises
the following question: given a set of pre-trained models, can diversity between training sets and a target FSL
task help selecting good models for providing embeddings that improve classification accuracy? Note that
this is compatible with the previous research question, as some models could provide interesting features,
complementary to features provided by other models. The same question can also be raised using diversity
between embeddings instead of between datasets.

Ensembling has already shown performance gains in FSL learning [25] when training multiple models. It
may be interesting to see if some of these jointly trained models should be selected, rather than taking them
all. Also — if we allow ourself to train them —, should we enforce some diversity criteria in their training
procedure (for instance when defining batches [14]) to force them to learn various aspects of data, for a better
selection of relevant one to provide a combined embedding for the FSL task?

" Two articles along these lines by the project coordinator and co-authors are under review at ECCV 2024 and EUSIPCO 2024.
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1.2 POSITION OF THE PROJECT AS IT RELATES TO THE STATE OF THE ART

The two main elements of this project are Few-Shot Learning (FSL) and diversity-aware sampling methods,
notably Determinantal Point Processes (DPPs). In Section 1.2.1, we review standard approaches to FSL
classification, highlight the domain’s challenges, and identify to which of them this project contributes. Then,
in Section 1.2.2, we review diversity-aware sampling approaches, and DPPs for machine learning.

In broader machine learning, the question of diversity has received some attention already. In that setting,
diversity of training data has been shown as an important factor of performance when training models. In
addition, diversity in trained model representations and inference results has also received some attention.
Gong et al. [26] provide a nice review of diversity-aware approaches in traditional machine learning settings,
and interestingly conclude that “The training of machine learning models requires large amounts of labelled
samples. However, the limited training samples constrain the performance of machine learning models.
Therefore, effective diversity technology, which can encourage the model to be diversified and improve the
representational ability of the model, is expected to be an active area of research in machine learning tasks”.

1.2.1 Few-shot learning

Definition

A FSL classification task is generally defined as follows: given a very low number of labeled data per class
(typically 1-5), maximize classification accuracy of new, unseen, samples.

More formally, we define a dataset S = {(s;, y;) }; of labeled samples (called shots), where s; are the data,
and y; € )Y the associated labels, with values in a given set of candidate classes ). Additionally, we have a
second dataset Q = {q;}; of unlabeled samples (called queries), where q; are the data for which we want to
give a label in ). These datasets define a N-way K -shot FSL problem, i.e., a classification problem of data in
Q, belonging to |Y| = N classes, for which we have K shots per class in S. The most commonly encountered
FSL classification problems in the literature are 5-way 1-shot, and 5-way 5-shot problems.

In FSL, we distinguish two settings:

* Inductive setting — Data from S are available right from the start, but elements in Q arrive sequentially, and
need to be processed independently. This setting arises when data are rare or needs to be classified on the fly.

* Transductive setting — Data from S and Q are both available right from the start. This setting arises when
data is abundant, but costly to label.
Depending on the setting, the quantity of information available is not the same, and allows one to choose
adapted classifiers accordingly. Indeed, in the transductive setting, it is possible to exploit information such as
the distribution of data in Q in a particular space [25].

Approaches to FSL

There are several approaches to FSL, some of which require training models from scratch, while some do
not, or only for fine-tuning to adapt an existing model to the domain of the considered FSL task [27]. Among
most common approaches, we distinguish meta-learning, metric learning, and transfer-based FSL [1].

Meta-learning commonly refers to approaches that train models, with the aim of “learning to learn” [28,29].
The idea is to rely on episodic training, to learn from situations that resemble the target FSL task, hoping that
the model will learn to solve similar problems, and will therefore adapt easily to new FSL problems. The
most common technique in meta-learning branch is MAML [30] (and its numerous extensions [28]). MAML
proposes to train easily adaptable models, so that their parameters end up in a state where only a few gradient
steps are needed with few data to adapt to the task.

Metric learning approaches [31] aim at training models to provide a large distance between dissimilar data,
and a small distances between similar ones [32]. Then, classification of unlabeled data in a FSL problem is
made by evaluating the distance to the labeled data using the learned metric. In deep metric learning, a model is
trained to learn the metric, sometimes using episodic training, which is why deep metric learning is sometimes
considered a subset of meta-learning [1,28].

Transfer-based learning aims at taking off-the shelf pre-trained (or sometimes training them) models to use
them to provide embeddings to data. Due to the recent rise of very large and performing pre-trained models such
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as foundation models, this approach has become more prevalent in the FSL literature [33]. Indeed, such models
offer very high performance and are nearly impossible to train for the average research team due to the needed
resource (in particular, the needed amount of data). However, using them (and fine-tuning them if needed) is
quite easy, which allows one to profit from their high quality learned embeddings without any training effort.

To compare approaches, the standard method in FSL is to evaluate them on benchmarks. Benchmarking is
performed by randomly generating independent FSL problems, i.e., datasets S = {(s;, y;) }s and @ = {(q;,v;)};
—where y; € Y are the ground truth target labels, given here for accuracy evaluation only — from a larger standard
dataset (e.g., Meta-Dataset [34], minilmageNet [11], and datasets from CoOp [35]). Accuracy is given as the
ratio of correctly predicted labels, and is generally averaged over ~ 1,000 independent simulations or more.

Recent results on standard benchmarks show that transfer-based approaches have become more prevalent
than meta-learning and metric learning [36]. For this reason, and because we want to limit the models training
time in this project, transfer-based learning will be our direction of choice.

Transfer-based FSL
Transfer-based FSL consists in the following steps:

1. First, let us consider a deep learning model M, trained on a dataset D distinct from & and Q. Such a
model can be seen as a composition of two elements: an embedding part, that turns input data into a
feature vector; and a classifier, that associates a decision to the feature vector. Classically, the final layer
of the model is interpreted as the classifier, but other choices can be made. The model is either trained
with a FSL problem in mind, or taken off-the-shelf. In the latter case, similarity between D, S and Q is
preferable to make transferability efficient.

2. Let M(s;) and M(q;) be the feature representations of our shots and queries, where M : RP — R¥
corresponds to the embedding part of the model, that transforms data of dimension D in an embedding of
dimension E. Working with feature representations of data allows to easily inject a model’s knowledge
and provide a convenient space for their processing.

3. Finally, we use a semi-supervised classification algorithm to provide labels to queries, given the shots, in
the feature space. Candidate algorithms depend on the FSL setting and can be diverse. Common choices
are linear probing [37], Nearest Class Mean (NCM) algorithm (inductive setting), or a soft K -means
(transductive setting). Prototype-based classifiers first define class anchors in the feature space, i.e.,

— def
eV iz = > M(si) . (1)
(siryi)€ES
s.t. yi=y
Then, labels are attributed to the queries q; € Q according to a measure of distance between their feature
representations M (q;) to the class prototypes z, (Vy € )). Classical choices are Euclidean distance, of
cosine similarity to match the loss function used when training the model.

This standard pipeline can be improved at numerous stages [25]. During training of the model, regularizations
can be added to favor particular representations of data. Also, some preprocessing on data, or data augmentation
techniques can be used to virtually increase the number of shots. In the embedding space, various normalizations
can be made before classification, etc. Another interesting adaptation of that pipeline is ensembling. Indeed,
multiple models can provide multiple points of view on data, and ensembling has been a standard technique
in machine learning for a long time. Previous work has shown that multiple models may consistently achieve
better performance than a single one, for the same total number of model parameters [25].

Challenges in FSL

There are many scientific challenges in FSL, such as integrating knowledge from models pre-trained on
various datasets, adapting training procedures for models with the goal to use them for FSL tasks, developing
data augmentation techniques to better estimate the distribution of data in a particular feature space, combining
multiple modalities in data, etc. Some require training models, while some do not, with the aim to reduce the
necessary training effort to reach good performance.
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In addition, the apparition of multimodal foundation models — e.g., CLIP [37], CLAP [38], Imagebind [39],
Textbind [40] — has led to new perspectives in the FSL. community [41]. In particular, models that incorporate
a text dimension allow the use of the few available annotations associated with the labeled data to better
characterize the feature space and improve FSL tasks.

Figure 2 shows an overview of current challenges and future directions (as of 2023) of FSL. In this figure,
we added stars to indicate the directions to which this project contributes, as detailed in Sections 1.1.2 and 1.3.

Perspective of Challenges
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Figure 2: Illustration of the challenges in FSL. Stars indicate elements to which this project will contribute,
with associated text corresponding to research questions in Section 1.1.2. Figure adapted from Song et al. [2]

1.2.2 Random sampling

Random sampling in deep learning models

Random sampling is a key element of machine learning. In fact, in most real-life datasets, data are not
balanced, which could easily lead to training models strongly biased toward the majoritary class. A common
technique to balance datasets relies on oversampling or subsampling. The idea is to give a probability to training
data to be sampled that depends on their representativity in the dataset. One of the most common technique to
achieve balancing is SMOTE [42] and its evolutions, e.g., ADASYN [43].

Data augmentations are also frequently used to improve the balance in classes when datasets are imbalanced.
Beyond that corrective usage, it has also become a standard when training deep learning models, as it allows to
diversify the batches and enforce some desired invariance properties, e.g., cropping, rotation, luminosity (for
images [44]) or clipping, noise addition (for audio [45]). Integrating good data augmentations into training
procedures has become a cornerstone to achieve state-of-the-art performance.

Sampling can also be found during training when batches are constituted. Indeed, training models on full
datasets at once requires too much memory, and is generally done on smaller portions of the dataset. In most
cases, these batches are created as a uniform random partition of training data, but some approaches have
explored constitution of batches with desired properties such as diversity [46]. In addition to improving training
efficiency, batches also allow one to perform batch normalization [47], in order to normalize activations and
speed up the training procedure. Here again, sampling may be used to accelerate this operation [48].

More specifically, in FSL, random sampling has been used at many places. Episodic training [1, 28] in
meta-learning and metric learning approaches require constitution of small FSL problems, which are drawn
randomly from larger datasets. Also, estimating the distribution of data has received a lot of importance in FSL,
as it allows better separability for classification, and sampling representative points [49] from that distribution.
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Sampling is also at the core of active learning [17, 18]. Indeed, careful data selection for training models is
key to select data that have a high impact when used to train the model. In addition, some works in the BRAIn
team have started to explore active learning for good estimation of class prototypes in an embedding space [50].

Diversity-aware sampling

In many application cases where random sampling is needed, a first natural approach consists in using i.i.d.
sampling, assuming that all points/data have an independent chance of being selected. In many situations
however — e.g., recommendation systems [51] or automatic summarization [13] — one may want to sample
points that are diverse, to provide a larger panel of answers to a request or to improve user experience.

There have been a few approaches to encourage diversity in a subset of points. As reviewed in [13], most
approaches are not fully probabilistic, and therefore suffer from limitations in their applications. From an
optimization viewpoint, Batra et al. [52] introduce a methodology to obtain a diverse set of best solutions to a
problem. More recently, diversity sampling and uncertainty sampling have been introduced as ways to select
unlabeled data currently unknown to a machine learning model. This has received attention, notably in the
context of active learning [17,18,53]. These approaches aim at estimating the decision boundary of a model,
and to sample points that will improve its definition for better classification accuracy after a training phase.

It is also worth mentioning that some approaches have focused on sampling representative points (i.e., from a
typical set). Among these methods, stratified sampling [54] and cluster sampling [55] aim at better representing
the population by sampling from subpopulations. While this can be seen as the opposite of this project, it may
be interesting to couple some of these approaches with DPPs to sample both representative and diverse points.

Determinantal point processes

Determinantal Point Processes (DPPs) [56] are probabilistic models that represent the distribution of points
across a given space, through a kernel matrix that captures the similarities between the points. Using a DPP,
one is then able to sample random points with a guarantee of diversity among the samples. Figure 3 illustrates
the difference between uniform and DPP samplings in a 2D space.

As illustrated, DPPs allow one to sample points with more diversity (given a particular metric) compared to
i.i.d. sampling. This generalizes beyond the 2D case, therefore providing a simple tool to analyze the impact
of diversity in many situations, notably in few-shot learning, as proposed in this project. Another observation
is that DPPs have the ability to estimate the mean of a distribution more accurately than i.i.d. samplers. This is
especially of interest in the context of this project, as accurate estimation of class prototypes is key for numerous
classifiers in few-shot learning, e.g., NCM or soft K-means.

In more details, DPPs rely on computing a similarity kernel K that captures relations between data points.
Provided that this kernel is positive semi-definite, one can show that the submatrix K x of rows and columns of
K of indices in a set X has a determinant that is proportional to the diversity of points associated with indices in
X. Exploiting this, DPP sampling gives a probability to each subset of points to be sampled that is proportional
to the determinant of the associated submatrix, hence its diversity [57]. An interesting extension to DPPs are
fixed-size DPPs, that allow the sampled subsets of points to have a fixed size [56], contrary to standard DPPs
that sample the desired number of points on average. This is especially useful in machine learning applications,
for instance for creating fixed-size batches.

There are numerous algorithms to sample DPPs. Classically, exact approaches draw from a set of points
using the Chain Rule algorithm [58] or its derivates. More recently, authors of [59] proposed a faster algorithm
to sample from DPPs or fixed-size DPPs. It was later improved by authors of [60], who propose an algorithm of
lower complexity to sample DPPs, depending of the kernel rank. In addition to exact approaches, approximate
methods relying on Monte-Carlo Markov Chains (MCMC) have been developed [61, 62], notably for usage
when one wants to sample continuous spaces. This variety of methods offer different strategies, depending on
the rank of K, the necessity for fixed-size sample, and the fact that we consider discrete or continuous samples.

DPP sampling has applications to many aspects of machine learning [13,63], e.g., for batch diversity [14],
active learning [15], hyperparameter tuning [16], neural architecture search [64], etc. However, while DPPs are
being investigated at various stages of deep learning, little has been done for FSL. Although a few works can be
found for meta-learning [65, 66], and a few others use DPPs for transfer learning in a broader sense [67,68] or
for a specific application [69], no work has studied the benefits of diversity induced by DPPs for FSL.
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Figure 3: Illustration of the differences between uniform i.i.d. sampling (a) and DPP sampling (b). DPP-sampled
points exhibit interesting properties in terms of diversity (c) and estimation of the mean of the distribution (d).
Here, we use a Gaussian kernel as in Tremblay et al. [57] to model similarities between points as a decreasing
function of the Euclidean distance. In practical cases, this should depend on the desired diversity criteria.

1.3 METHODOLOGY AND RISK MANAGEMENT

We first introduce general elements in Section 1.3.1. Then, Sections 1.3.2 to 1.3.5 present the project work
packages (WP), derived from objectives introduced in Section 1.1.2 as shown in the table below. Finally,
Sections 1.3.6 to 1.3.8 present the deliverables, risk management, and temporal organization of the project.

D1 | D2 | D3| F1|F2|F3
WP1 | x X
WwpP2 X X
WP3 X X X
WP4 Dissemination

1.3.1 Methodology

Metrics

* Accuracy — In standard FSL classification, the main goal is to develop approaches that maximize the ability
to classify new, unseen, data. It is commonly defined as the percentage of data from a test set that are given
the expected label. In this project, we will evaluate our approaches on standard benchmarks, associated with
the modalities we will consider. Accuracy is important, as it provides an easy way to compare our results
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with state-of-the-art methods in the literature. Additionally, it allows to evaluate whether proposed solutions
can be put into practice, and to which extent one may expect them to work well.

* Size — As models and embeddings tend to grow in size, it is interesting to estimate the reduction allowed
by our approaches. We will therefore quantify the embedding dimension reductions, as well as the number
of total parameters among selected models. Size of the embeddings is more a concern that we believe is
important to keep in mind, as it may open new directions on the dimensions of models needed to solve a
particular FSL task. In addition, smaller models/embeddings allow results to be accessible to the general
public, notably due to the costs of devices required to use models.

Datasets considered

All experiments will first be conducted on standard vision benchmarks such as Meta-Dataset [34], minilm-
ageNet [11], and datasets from CoOp [35] — for which it is easy to find state-of-the-art models — to evaluate
whether obtained results are consistent across datasets.

In a second step, we will evaluate how findings generalize to non-vision datasets. In particular, we want to
focus on EEG and fMRI signals, for which we have a strong experience in the team [70-74]. In addition to
providing a different modality, such signals often appear in few-shot applications — especially for brain-computer
interface (BCI) motor imagery (MI) tasks — which makes it relevant for the project.

Ensuring that findings of the project extend to other types of data will allow our results to reach many possible
application domains. Due to the interests of the principal investigator (PI) in medical applications [70,71,73-78],
EEG and fMRI will be investigated first, but other types of signals should be considered as well in the follow-up
of this project, and should lead to establishment of new partnerships. Going from vision datasets to more diverse
medical data will not only cause the project to have an impact in the machine learning community, but also to
lead to collaborations with practical outcomes in the medical field.

Concerns on open science
The BRAIn team has been engaged in promotion of open publication since its creation. Codes to reproduce
experiments are systematically published in the team’s GitHub account™*", articles are uploaded to HAL, and
we target conferences or journals with open access and open review (e.g., CVPR, ICML, NeurIPS, JMLR).
Regarding datasets, our approach is to work on open datasets whenever possible. This encourages comparison
with state-of-the-art methods, and allows reproduction of our research by other teams. When datasets are
constituted, our policy is to put them in open access under Creative Common CC-BY licence (Silent Cities [79]).
We believe that our approach is in line with ANR’s concerns on open science.

Ecological considerations

As mentioned earlier in this document, we prefer to leverage pre-trained models than training new ones.
Reasons are both practical — impossibility to train transformer models with the same performance level as those
that achieve state-of-the art performance in natural language processing or vision — but also ecological. Indeed,
training models from scratch receives a lot of attention already, and has a non-negligible carbon impact.

This is in line with the research objectives of the BRAIn team, and with many concerns in the machine
learning community. With this in mind, most research questions we want to address do not require full training.

1.3.2 WP1 — Evaluating a FSL problem

Objectives

This WP aims at determining, for a given FSL task, the performance that one may achieve. This is a direct
transposition of research objective D1 in Section 1.1.2. However, it also has strong links with research objective
F3, as a careful selection of pre-trained models is an important aspect of performance prediction due to similarity
between training datasets and FSL problems. This WP should thus help one answering the question: Given a
FSL task and a catalogue of models, which performance can we hope to achieve?

* https://github.com/brain-bzh/.
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Preliminary work

In previous work, we have started to explore aspects of this question, although without the focus on diverse
sampling. In [21], we showed that some classes in the training set of the models used to provide an embedding
for FSL tasks can act as confusing factors. On the contrary, careful fine-tuning on selected training classes can
lead to consistent improvement of performance. As a consequence, there is a strong link between the classes in
the FSL problem and the datasets used for training off-the-shelf models.

In another work [12], we attacked that question from the feature angle, and studied the impact of data
repartition in the feature space on predictability of performance. We demonstrated that, assuming a Gaussian
distribution of features in that space, we can better predict generalization error compared to leave-one-out
validation. In a later work [80], we showed that text could be used as a complementary modality to improve
mean and covariance estimation of classes in the feature space, hence improving FSL classification accuracy.

Tasks
* WP1.1 — Identify DPP-based metrics that correlate with difficulty (9m, medium risk, medium gain)

In a first task, we want to explore metrics that correlate with a problem’s difficulty, exploiting DPPs. Promising
directions are measures of diversity among 1) shots; 2) shots and queries; and 3) among shots, queries and
datasets used to train models used for transfer. Among these directions, we expect that a higher diversity
among shots corresponds to easier problems. We also hypothesize that similar diversity between data in the
FSL problem, and between classes in the dataset used for embedding, should characterize a simpler problem.

* WP1.2 — Predict performance of a FSL pipeline and model on a new dataset (9m, medium risk, high gain)

Another orthogonal task is to predict, for a FSL pipeline and a given model, the performance one may achieve
when presented a new dataset. This can be achieved using DPPs to generate diverse tasks to solve, and
therefore obtain an extensive profiling of the pipeline/model pair. Solving this task should lead to great
outcomes, as it would provide guidelines to easily select a setting to attack a new FSL problem with easily
achievable good performance.

* WP1.3 — Use previously identified metrics to select the best model for a FSL task (10m, high risk, high gain)

This third task aims at integrating metrics found in previous tasks to predict, for a FSL task, which models
should be used to obtain the best performance. This task has a higher associated risk, as it depends on the
previous ones. The objective here is to answer the question that defines WP1, i.e., to provide one with answers
on the best achievable performance for a given FSL problem.

1.3.3 WP2 — Transformers & diversity

Objectives

This WP aims at exploring specificities of modern deep learning models based on transformers, and what
diversity can bring to them. There are multiple directions to achieve that, corresponding to research questions
D3 and F2: using transformers to improve class representativity (in particular, instance segmentation in images),
or exploiting positional embedding for contextualization.

Preliminary work

In a first work, currently under review at EUSIPCO 2024 conference, we proposed a methodology (FICUS —
Few-shot Image Classification with Unsupervised Segmentation) to disambiguate images in a FSL classification
problem. To reach this goal, we leverage pre-trained transformer models for segmentation. The main idea is to
rely on the Segment Anything Model (SAM) [81] to propose candidate masks, and to filter some out based on
Deep Spectral Method (DSM) [82]. We observe that instance segmentation brings gains to FSL classification
with this methodology. Details of the method are provided in Figure 4.

In addition, we pushed the analysis further to study the impact of instance segmentation in a FSL task. In
particular, we study the gains obtained as a function of segmentation quality, either in the queries or in the shots.
This second work has led to a submission at ECCV 2024, also currently under review.
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Figure 4: (violet) First, eigenmaps are produced using DSM. Each map is treated separately. (blue) Using
the maps, random points are sampled and used to prompt SAM. For each point, we obtain 3 candidate masks.
(green) Out of each group of 3 candidate masks, we keep the one that maximizes IOU with an Otsu thresholding
of the map. Redundant masks are then filtered out using non-maximum suppression. (red) Finally, kept masks
are used to compute feature representations of associated crops. A NCM is then used to return a label.

Tasks
* WP2.1 — Exploiting the diversity of instances (6m, low risk, low gain)

In a direct continuation of the works submitted to EUSIPCO 2024 and ECCV 2024, we want to first address
whether output of segmentation foundation models can be coupled with diversity for a better estimation of
the prototypes of classes. Indeed, up to now, we have developed an ad-hoc methodology to determine and
filter out segmentation masks, and have informally introduced some sort of diversity using non-maximum
suppression to remove redundant masks. Here, DPPs may provide a more formal framework to provide a
diverse set of elements of interest in an image, and identify more relevant points in the feature space.

While incremental, this task gives an opportunity for the PhD student to get started efficiently, with easy
potential for research publication. Therefore, this task will start right from the beginning of the project.

* WP2.2 — Exploration of positional embedding to contextualize FSL (11m, high risk, high gain)

This task is much more exploratory than the previous one. The idea is to exploit positional embedding
mechanisms of transformers to provide better embeddings of FSL data. In classical FSL pipelines, one
generally embeds shots and queries independently, and then performs classification depending on proximity
to class prototypes. Here, a first idea is to contextualize queries with the shots. In more details, for a given
query q; € Q, a possible approach would be to create multiple sequences of tokens corresponding to pairs of
tokens {(s;, q;)}i, and to compute query embeddings created by these contextualizations. Here, we believe
that deviation from a non-contextualized embedding may help define a DPP kernel that models similarity
with labeled shots. Based on findings, this approach could be complemented with outputs of task WP2.1 to
contextualize parts of data, and therefore propose multiple contextualized embeddings for a single query.
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This task has the potential to open new directions for FSL, as it describes an approach that has not been
explored in the literature before. Therefore, it has a higher risk, but can lead to very promising contributions.

1.3.4 WP3 — Selection of relevant parts in data and features

Objectives

The third WP aims at exploring which parts of data or features are useful to FSL classification. At a coarse
scale, this is very related to the instance segmentation part of WP2, related to research question D3. In addition,
at a finer grain, this WP tackles the question of selecting diverse data to label — related to active learning — but
also of selecting specific features, with the expectation that specific features convey more useful information
than other for a particular FSL task. Reformulating, this WP should help answer the question: How can diversity
help selecting parts of data and features in order to improve FSL?

Preliminary work

Active few-shot classification [50] was introduced by collaborators of this project. In this paradigm, the
goal is to select few data to label from a larger unlabeled dataset, in order to maximize performance. Authors
proposed an approach that estimates the distribution of features, and then samples the most probable ones in
addition to the least probable ones. Interestingly, this can be seen as a particular form of diversity. A natural
question that arises is whether more diversity-oriented approaches can lead to more significant gains.

Tasks
* WP3.1 — Identify data to label from a large unlabeled dataset (6m, low risk, low gain)

Similar to WP2.1, this task is a direct continuation of preliminary work in active few-shot classification [50].
Here, we want to explore the direct benefits one can gain using DPPs to select pertinent data to label from a
large unlabeled dataset, with a fixed labeling budget. We naturally expect that DPPs select pertinent data for
labeling, and easily lead to accuracy improvement on standard FSL tasks.

As this task is very easy to address, this is a great opportunity to start a master student’s internship. Indeed,
existing codes and easily achievable experiments provide a facilitating context to familiarize with DPPs
and FSL. Synchronizing the internship with the post-doc position, we believe this task will create positive
interactions for eflicient start of the latter too.

* WP3.2 — Determining features that are important for FSL (12m, medium risk, medium gain)

Another direction that has the potential to reduce embedding size and to improve accuracy is to select particular
features of data in the feature space. A model’s feature representation can be seen as a decomposition of
data along axes that represent contexts learned by the model. As foundation models are trained on gigantic
quantities of data, they have necessary learned concepts that are not relevant to the FSL task. Therefore,
we believe that correlations between feature values and shots may help defining a DPP kernel. Using this
kernel, we could sample subsets of feature representations, and proceed to classification with some form of
ensembling. Indeed, providing different viewpoints on data could potentially lead to better prediction.

Additionally, this approach can be used with multiple models. Combining subsets of features from models
trained on different datasets could lead to more diverse viewpoints, and allow for better ensembling classifiers.

1.3.5 WP4 — Dissemination

Objectives

Open research has become the norm in the machine learning community, and we want to contribute to this
aspect. Therefore, in addition to research publications that will result from previous work packages, we want to
contribute to existing libraries for DPPs.

Preliminary work

Actors of the project are involved in development of the Python library DPPy [83] and of the Julia library
Determinantal. jl [84]. One objective of the project will be to extend one or both of these libraries with the
findings from this work. We therefore hope that DPPs will become more prevalent in FSL literature.
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Tasks
* WP4.1 — Continuous integration (continual)
With the help of the project partners, we will contribute to one or more of the existing DPP libraries. Choice

of library will mostly depend on the language used for experiments. DPPy is a stronger candidate as Python
and notably its library pytorch are prevalent in the deep learning community.

As mentioned in Section 1.3.1, codes developed for experiments in research articles issued from the project
will be systematically put on GitHub, and we will monitor issues to encourage the community to reuse,
reproduce and compare to our work.

* WP4.2 — Transition toward medical applications (6m, low risk, high gain)
While most experiments will be first made on controlled vision datasets to ease comparison with other works,
we want to transition toward practical applications, notably using brain signals. Whenever pertinent, other

tasks will be evaluated on such datasets. In addition, a final study of methods developed in the project on BCI
MI datasets will be made to integrate findings of this project to practical applications.

1.3.6 Deliverables

e Ty + 6m — Website for the project.
* Ty + 18m — Intermediate report on findings with relation to WP2.
* Ty + 39m — Intermediate report on findings with relation to WPI.

* Ty + 48m — Final report, summarizing impact of previous work, plus new findings with relation to WP3.

1.3.7 Risks & Fallback solutions

* Late recruitment of the PhD student — In case of a late recruitment of the PhD student, permanent researchers
will address WP2.1 so that the newly recruited PhD student can start on WP2.2 directly. To mitigate this risk,
we have started to prospect identified cursus, notably the Computer Science department of ENS Rennes.

* Late recruitment of the post-doc researcher — In that situation, the master student will have to conduct
experiments on WP3.1 alone, and will be seconded by the permanent members of the project. In case of a
very late recruitment, the PhD student may also be interested to pursue the work after their defense. To avoid
this situation, we will communicate on the position through our research networks.

Impossibility to address WP1.3 — Most of the WPs in this project are independent, with the exception of
WP1.3 that depends on outcomes of WP1.1 and 1.2. If findings of these tasks are not sufficient to address
WP1.3, the PhD student will be re-affected to WP3.

1.3.8 Temporal organization of the project
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2 ORGANISATION AND IMPLEMENTATION OF THE PROJECT

2.1  SCIENTIFIC COORDINATOR AND ITS TEAM

2.1.1 Scientific coordinator

Bastien PASDELOUP

After defending my PhD in 2017, I joined the LTS4 laboratory at EPFL for a post-doc. I am now Associate
Professor at IMT Atlantique and Lab-STICC since 2019, and joined the BRAIn team at its inception in 2022.

My research focuses on multiple aspects of deep learning, both fundamental — development of efficient
models for FSL [25], understanding of how data impact FSL [10,12,21,80] — and applied, generally to medical
domains [70,71,73-78]. My interests also include graph signal processing [71, 85, 86], and I recently initiated
preliminary research on DPPs with application to genetic algorithms [87]. Since my recruitment, I supervised
6 PhD theses — including 1 Cifre — (2 completed [88, 89]), 3 postdoctoral researchers — 2 funded through
Carnot Foundation fundings, 1 through ANR (ASTRID) for which I am the main academic collaborator — (2
completed), 1 research engineer, and numerous master students, in addition to 2 medical theses [75,77].

My role as a PI will be to define the important research questions for the project and determine the
experimental protocols to answer them. Thanks to my expertise in FSL, I will provide evidence of the benefits
of DPP approaches at different steps of FSL, and will supervise a research team built around the project.

With this project, I plan to develop research around sampling in the BRAIn team, leveraging on my expertise
on FSL, and more broadly at the scale of the Lab-STICC laboratory. This project will allow me to increase my
skills on DPPs, and to build a team around these aspects, to eventually be recognized as the expert on diverse
sampling. Ensuring that findings generalize beyond classical vision datasets will first allow me to integrate the
results in my collaborations with medical doctors, and then to develop new collaborations.

Implication of the scientific coordinator in on-going project(s)

Name of the Person.month Call, funding agency, Project’s title . N,ame of th_e Start — End
researcher grant allocated scientific coordinator
Bastien PASDELOUP 6.5 ANR-21-ASIA-0004-02 (142,184.00€) Fusion de composantes hétérogenes par IA Pierre ROMENTEAU (INPIXAL) | 01/01/2022 — 31/03/2024
Bastien PASDELOUP 6 ANR-22-CE22-0016-04 (145,318.00€) | ML and metaheuristics algorithms for urban transportation | Romain BILLOT (IMT Atlantique) | 01/02/2023 — 31/01/2027

2.1.2 Coordinator’s team

In this project, I will be seconded by a carefully designed team, with consultative experts on all elements of
the project, with their own individual interests, that will enrich discussions around the project. Additionally,
expertise of the team members cover both application cases I want to address, i.e., vision and brain signals.

Thanks to their strong expertise on DPPs, distant collaborators will provide important feedback on the
research directions I propose. Besides, research stays will be organized in their teams for me and the PhD
student recruited for the project, at key points of the projects.

Vincent GRIPON

Vincent is Professor at IMT Atlantique, Lab-STICC, and the head of the BRAIn team. He conducts research
in many aspects of deep learning, including FSL [12,21,25,80,90,91]. His expertise in training efficient models
makes him a very valuable source of knowledge for all aspects of the project related to models.

Nicolas FARRUGIA

Nicolas is Associate Professor at IMT Atlantique, Lab-STICC, in the BRAIn team. He is a neuroscientist
with a strong deep learning background. He will bring important insight to the project when transitioning from
vision datasets to EEG and fMRI signals [70-74,92-94].

Alexandre REIFFERS-MASSON

Alexandre is Associate Professor at IMT Atlantique, Lab-STICC in the MATHS&NET team. He has a
strong interest in stochastic approximation for optimisation [95,96] and machine learning [97,98]. He an I had
numerous discussions on DPPs for machine learning. Therefore, I know he will bring a solid mathematical
viewpoint in the project and will help me start the project efficiently.
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Nicolas TREMBLAY
Nicolas is Researcher at CNRS, Gipsa-lab, in the GAIA team. He is a renowned expert on DPPs [57, 60,
63,99], with interest in numerous aspects of machine learning [100-102], notably in the context of graphs. His

project GRANOLA — Determinantal Point Processes on Graphs for Randomized Numerical Linear Algebra was
supported by ANR JCJC in 2021;

Rémi BARDENET

Rémi is Researcher at CNRS, CRIStAL, in the SigMA team. He is also a renowned expert on DPPs [103,104],
with a strong interest in Monte-Carlo methods [105, 106] and in machine learning [107]. He is the PI of ERC
grant Blackjack — Fast Monte Carlo integration with repulsive point processes, and holds a national chair in
artificial intelligence: Baccarat. He received the CNRS bronze medal in 2021 for his work on DPPs.

2.1.3 Hired personnel

PhD student

The PhD student hired for the project will mainly work on WP1 and WP2, and will actively contribute to
continuous implementation in WP4. To start efficiently, they will first address task WP2.1, for which there are
already preliminary results. This should lead to quick results, as the PhD student will be provided material to
apprehend deep learning models efficiently. The main effort will therefore be WP2.2 and WP1.

A good profile for a candidate would be a master student or engineer with a strong mathematical background
and an interest in artificial intelligence. The typical PhD student would be from the Computer Science department
of ENS, or from a machine learning-oriented cursus.

Post-doc

The post-doc researcher hired for the project will principally work on WP3, and will study parts of data and
features that help FSL classification. As for the PhD student, task WP3.1 is already advanced, which should
help them start efficiently and quickly upskill. In addition, they will also work on WP4.

The post-doc researcher will also second the PhD student on task WP1.3 at the end of the PhD, to increase
the work force on that task. In addition, they will be seconded by the master student at the start.

The typical profile for this position is a researcher with preliminary experience on transformer models, ideally
with experience in brain signals to help transitioning to such domains. Starting the work at the second quarter
of 2027 has been chosen to correspond to standard PhD defense dates at the end of 2026, with a little margin.

Intern

Finally, the master student will address WP3.1 at the same time as the post-doc. The reasoning is to reinforce
the team at the end of the PhD student’s thesis, and to help the post-doc get started efficiently, while offering a
full task to the student with potential for publication.

2.2 IMPLEMENTED AND REQUESTED RESOURCES TO REACH THE OBJECTIVES

Staff expenses

As detailed in Section 2.1.3, I plan to hire a PhD student (36 months, 138k€) and a post-doc researcher (18
months, 84.6k€). In addition, a master student (6 month, 3.9k€) will reinforce the team, by exploring questions
related to WP3 and facilitating the work of the researchers invested on the question.

Instruments and material costs

The post-doc and PhD student will both receive a laptop and a screen for daily work (3k€ each). In addition,
loading large models for experiments will require a medium-size GPU with enough VRAM, e.g., NVIDIA RTX
4090¢** . We plan to purchase two of these devices, to share among the PhD student, the post-doc researcher
and the PI. With the rest of the computer to integrate it, this amounts to ~5k€ each.

After the project, the GPU machines will enrich the local computing resources of the BRAIn team, and will
serve subsequent projects. Laptops will be reused for new PhD students or post-doc researchers.

) https://www.nvidia.com/en-gb/geforce/graphics-cards/40-series/rtx-4090/.
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Overhead costs

We require Sk€ publication fees for open access publication, and 7.5k€ to cover attendance to conferences
at which articles will be published. In addition, we require 4k€ to organise research stays with the research
partners at CRIStAL, Lille an Gipsa-lab, Grenoble, for both the PI and the hired PhD student, at key points of
the project, i.e. at the beginning to start efficiently, and close to publication deadlines to major machine learning
conference. Finally, we add the administrative management fees and structure costs, which amount to 37,555€.

Requested means by item of expenditure and by partner

Partner 1 - IMT Atlantique

Staff expenses, including costs of a partial | Permanent (66 p.m.) 278,917.97€
release from teaching obligations I Nar;[;e;rﬁa}léni (60 i);ni) 7777777777 226,5006 |
Instruments and material costs 16,000€
Building and ground costs 0€
Outsourcing / subcontracting 5,000€

Travel costs 11,500€
Overhead costs Administrative management & 37.555€

& structure costs
Sub-total 575,472.97€
Requested funding 296,555€

3 IMPACT AND BENEFITS OF THE PROJECT

Scientific dissemination

This project tackles a frequently disregarded aspect of deep learning, i.e., the impact of sampling. It should
therefore highlight the importance of carefully selected approaches, and open new research perspectives in the
community. As FSL has received a lot of attention lately, contributing on fundamental aspects of the domain
has the potential for publication in major conferences and journals in the deep learning community. Combined
with the local expertise in FSL and with the expertise of collaborators in DPPs, plus their past experience in
publishing at these venues [101,107-109], we believe this project has the full potential to open the way to major
conferences in deep learning, that have up to now been evading the BRAIn team.

Practically, contribution to existing libraries, as described in WP4 in Section 1.3.5, should allow researchers
to quickly adopt solutions developed in the project, and to increase the concerns toward the use of diversity in
deep learning pipelines. In addition, all codes to reproduce experiments in the articles issued from the project
will be put on GitHub to encourage reproducible research, as done for years in the team.

Societal impact

Opening directions of this work toward medical domains should lead to societal improvements, as findings
of this project could directly have implications to the practitioners of the domains considered. In addition, we
believe that transitioning from classical vision datasets toward practical applications should lead to establishment
of new partnerships with medical doctors, and have a positive impact on society.

Concretely, first openings toward brain data should lead to improvements on tasks such as motor imagery
classification, that have practical applications to patients’ everyday life. In addition to neuroscience, my
collaborations with doctors from other domains (oncology, cardiology, ophtalmology) could possibly benefit
from findings of this project, with direct implications on medical practices.

Impact on the Pl position in the laboratory

Finally, this project will have a very positive impact on my positioning in the laboratory, as there is currently
no expert at Lab-STICC on DPPs. This unicity in the laboratory will therefore encourage new collaborations in
the future, as I would be identified as the local expert on these aspects. At the scale of the BRAIn team, I would
also address complementary directions from the rest of the team, that would allow a broader coverage of efficient
and low-regime deep learning. With more diversity of research directions, although with a common interest in
FSL and learned representations, I believe this project has the potential to increase the team’s visibility, and to
contribute to its establishment as a reference in FSL worldwide.
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It is also an opportunity for me to develop collaborations with Rémi BARDENET and Nicolas TREMBLAY,
who are worldwide renown experts in DPPs. I hope that this project is only the first of a series.

To conclude, I believe that his project is just a first step of important developments in the FSL community.
Indeed, FSL has become a very important domain, both for industrials and for academic researchers, and there
are real direct consequences when one can use their data more efficiently. In addition, the rise of huge foundation
models is very probably going to increase the interest in the domain. My position on sampling for FSL in such
context will therefore provide me a very distinguishable profile in the worldwide research landscape.
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