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Introduction

Founded in 1991, the Idiap Research Institute is an independent, non-profit research foundation based
in Martigny, Switzerland. Idiap is a Research Institute of National Importance that was established by the
State of Valais, the City of Martigny, the Ecole Polytechnique Fédérale de Lausanne (EPFL), the University
of Geneva, and Swisscom. Ildiap is dedicated to advancing research, innovation, and education in Artificial
Intelligence (Al).

Idiap aims to leverage the potential of Al to support Switzerland’s societal and industrial needs, seize op-
portunities for innovation, and address global challenges. To achieve these objectives, the Institute has es-
tablished four research programs (RPs) designed to foster collaboration and knowledge exchange among
its research groups, while facilitating cross-disciplinary research. Research on Al Fundamentals supports
all RPs, namely Human-Al Teaming (RP1), which develops innovative Al solutions that empower people to
work effectively with Al systems, enabling effective human-Al collaboration and co-creation; Sustainable
and Resilient Societies (RP2), which develops solutions to anticipate and mitigate future disruptions, pro-
mote sustainability, and combat disinformation; Al for Life (RP3), which leverages Al to advance biological
understanding, develop personalized medicine, and improve health outcomes; and Al for Everyone (RP4),
which fosters inclusive Al development, empowering individuals from all backgrounds to contribute to and
benefit from Al-driven solutions.

Al Fundamentals

» Why are neural networks so effective?

* How can LLMs learn interpretable abstractions?

* What properties of natural language do LLMs really know?

» Progressive graph neural networks with differential privacy guarantees.
« Ethical awareness and controlled inference in language models.

» Bayesian fine-tuning of pre-trained models.

RP1: Human-Al Teaming

» Semantics and social gaze attribute inference in multi-person gaze understanding.

« Can gaze understanding improve the accuracy of head gesture recognition?

» Advancing the understanding of hand manipulations in the wild.

« Combining end-user programming & shared autonomy for human-robot collaboration.
 Frugal robot learning with tensor networks.

* Implicit shape representations for optimal control.

» Geometric algebra for robotics.

* District heating network simulation.

* ChatGPT for biometrics.

» How synthetic datasets can expose real identities.

» Design of imaging targets to characterize thermal cameras and imaging conditions.
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« Artificial networks can learn biological processes.

» Compressive sensing for cardiac microscopy.

» Suppressing noise disparity in training data.

» Spontaneous speech in automatic pathological speech detection.

» Pathological speech detection adaptation in noisy environments.
 Adversarial attacks for automatic pathological speech detection.

» Parkinson’s disease speech analysis and detection.

 Creating clinically interpretable Al models.

» Fine-tuning foundation models without sufficient data increases demographic biases.
» Evidence-based natural language inference in oncology.

* What can we learn about autism severity from long, untrimmed videos?

 Cultural diversity in large language models.

» Improving model generalization in mobile sensing.

 Improving fairness without demographic metadata.

 Bias mitigation in face recognition.

» Generative Al Literacy: twelve defining competencies.

» Social context from smartphone data across countries and daily life moments.
* Interpretable image privacy classification.

The above achievements are complemented by the details of externally funded projects, publicly available
code and data distributed to the broader research community, and the list of published research articles.

In 2024, Idiap ran 92 externally funded projects. Furthermore, the Institute is active in technology transfer,
collaborates with various companies, and creates and supports start-ups through its incubator IdeArk S.A.
Idiap pursues an active policy towards reproducible science, with the release of 59 open-source soft-
ware libraries in 2024. Idiap publishes data through FAIR (Findable, Accessible, Interoperable, Reusable)
repositories. The Idiap website offered 27 new publicly available datasets in 2024, for a total of 108.

The compilation in this report offers an overview of Idiap’s research activities undertaken during the year
and showcases the outcomes of collective research efforts.
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Why are neural networks so effective?

This work explores fundamental questions in machine learning and offers a fresh perspective on
why deep learning has been so successful across a variety of tasks. Indeed, neural networks al-
most always generalize better to novel data than other types of machine learning models. While
most explanations of this success focus on the learning and optimization process, we argue that
many properties of neural networks can be explained more fundamentally. In particular, some criti-
cal choices in their, such as ReLU activations, makes them likely to fit their training data with simple,
low-frequency functions, a phenomenon we termed “Neural Redshift”. This property is akin to the
inductive principle of Occam’s razor. Remarkably, this property can be observed even in untrained,
random-weight models. This insight is relevant to Idiap’s Human-Al Teaming research program as it
will ultimately help characterize the reliability of Al systems.
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D. Teney, A. M. Nicolicioiu, V. Hartmann, and E. Abbasnejad, Neural redshift: Random networks are not
random functions, IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2024.

-

How can LLMs learn interpretable abstractions?

LLMs use the transformer architecture and its layers of attention over many vectors to model the
complex nature of language. Different vectors seem to represent different parts of the input, and
different layers seem to capture different levels of abstraction, but these relationships are unclear
and imprecise. We have developed a new version of attention which pushes transformers towards
discovering meaningful abstractions. The layers close to the input (left figure) use many vectors

to represent small segments of input, and deeper layers (right figures) learn to use fewer vectors
which each represent larger, more abstract units. Our initial results indicate that these abstractions
facilitate the interpretability of transformers’ learned representations, such as inducing words from
character sequences (rightmost figure). We have recently shown that this new version of attention
can also be used to accurately reinterpret off-the-shelf pretrained LLMs, showing that we can ini-
tialise our models with LLMs pretrained on large amounts of data. The next step is fine-tuning these
LLMs with our methods to clarify what abstractions they have learned. These advances will facilitate
Human-Al Teaming by improving our ability to understand, control and learn from LLMs.

I

el think therefore am . (sl

M. Behjati, F. Fehr and J. Henderson, Learning to Abstract with Nonparametric Variational Information Bottle-
neck, EMNLP Findings, 2023.

F. Fehr and J. Henderson, Nonparametric Variational Regularisation of Pretrained Transformers, Conference
on Language Modeling (COLM), 2024.
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What properties of natural language do LLMs really know?

To develop a system with near-human language capabilities, we need to understand current sys-
tems' generalisation and compositional abilities. To address this, we have created a new task in
multiple languages that requires both linguistic and reasoning skills. Each task requires identify-

ing relevant linguistic entities and the generative rules that connect them. These richly-structured
datasets are then used to probe sentence embeddings generated by transformer models. We inves-
tigate whether structural information — speci cally, information about chunks and their structural and
semantic properties — can be detected in these representations. Through an approach involving in-
direct supervision, analyses of task performance, and analyses of learned representations, we show
that information about chunks and their properties can be obtained from sentence embeddings.
Moreover, by using these datasets consisting of sentences with known structure, we test to what
degree information about their chunks, such as grammatical number, or semantic role, can be lo-
calized in sentence embeddings. Our results show that such information is not distributed over the
entire sentence embedding, but is rather encoded in speci c regions Understanding how the infor-
mation from an input text is compressed into sentence embeddings helps understand current trans-
former models and help build future explainable neural models.

V. Nastase and P. Merlo, Are there identi able structural parts in the sentence embedding whole? Black-
boxNLP Workshop: Analyzing and Interpreting Neural Networks for NLP, 2024.

V. Nastase and P. Merlo, Tracking linguistic information in transformer-based sentence embeddings through
targeted sparsi cation, Workshop on Representation Learning for NLP, 2024.
\
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Progressive graph neural networks with differential privacy guarantees

Graph Neural Networks (GNNs) have become a popular tool for learning on graphs. GNNs learn
from the structural connectivity of graphs by iteratively updating node embeddings through informa-
tion aggregation and transformation from neighboring nodes. This makes them well suited to node
classi cation, graph classi cation, and link prediction. However the practical use of GNNs —when
applied to human-generated data— can raise privacy concerns, as graph data might contain per-
sonal or sensitive information. Differentially-private GNNs have been proposed to preserve privacy
while allowing learning over graph-structured datasets. However, reaching a balance between accu-
racy and privacy in GNNs remains challenging due to the intrinsic structural connectivity of graphs.
We proposed ProGAP, a differentially-private GNN that uses progressive training to improve the ac-
curacy/privacy trade-off. Combined with an aggregation perturbation technique to ensure differential
privacy, ProGAP splits a GNN into a sequence of overlapping sub-models that are trained progres-
sively, expanding from the rst sub-model to the complete one. ProGAP provides edge-level and
node-level privacy guarantees both during training and inference.

ProGAP architecture's three stages. MLP: Multi-Layer Perceptron; JK: Jumping Knowledge module;
NAP: normalized-aggregate-perturb module. Training is done progressively across the three stages, each
using its own head MLP. The nal prediction is obtained from the head MLP of the last stage.

S. Sajadmanesh and D. Gatica-Perez, ProGAP: Progressive Graph Neural Networks with Differential Privacy

Guarantees, ACM International Conference on Web Search and Data Mining (WSDM), 2024.
N J

6/72




2024 Idiap Scienti ¢ Report Human-Al Teaming

Ethical awareness and controlled inference in language models

The widespread adoption of Large Language Models (LLMS) is delivering major opportunities for fa-
cilitating automated inference, and are progressively making their way into critical application areas
such as health, law and policy-making. Al models based on LLMs require mechanisms for support-
ing ethically-grounded inferences. In this line of work, we are building the foundations to deliver Al
models which are capable of more controlled and ethically-aware natural language inference. At the
center of the proposed approach is the combination of the complementary properties of content-
rich material inference provided by LLMs with logically-valid inferences provided by symbolic solvers.
Empirical analyses demonstrate that the close dialogue between these two types of systems can
deliver Al systems which are capable of more controlled, logically-valid and grounded explanations.

X. Quan, M. Valentino, L. A. Dennis, and A. Freitas, Enhancing ethical explanations of large language mod-
els through iterative symbolic re nement, Conference of the European Chapter of the Association for Com-
putational Linguistics (EACL), 2024.

X. Quan, M. Valentino, L. A. Dennis, and A. Freitas, Veri cation and re nement of natural language explana-
tions through lim-symbolic theorem proving, Conference on Empirical Methods in Natural Language Process-
ing (EMNLP), 2024.

Bayesian ne-tuning of pre-trained models

What was once referred to as “adaptation” in the eld of speech processing is how known as “ ne-
tuning” in the context of large foundation models. This process has become completely generic. We
asked the question “Is there a right way to do ne-tuning? ” given that generic additional training can
be prone to issues such as catastrophic forgetting. Our answer to the question is that ne-tuning
can be viewed as a Bayesian process, where the model acts as the prior and the ne-tuning data
serves as additional evidence. A further contribution of this work is to demonstrate that both the
LoRA and Kronecker methods for ne-tuning can be viewed as Bayesian techniques. This clari es
the relation between these recent methods and classical regularisation techniques such as Elastic
Weight Consolidation (EWC). We also developed an effective evaluation strategy that we applied on
NLP tasks (language modeling) as well as speech synthesis tasks.

H. Chen and P. N. Garner, Bayesian parameter-ef cient ne-tuning for overcoming catastrophic forgetting,
IEEE/ACM Transactions on Audio, Speech, and Language Processing, 2024.
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