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Abstract
We present the research framework and recent results of the Laboratory of Data Engineering (LADE) on advancing
the interpretability and reliability of large-scale artificial intelligence models. Our work applies geometric,
topological, and mechanistic analysis to modern neural networks. Using tools from data geometry and topological
data analysis, we characterize the structure and evolution of internal representations in language and vision-
language models. This approach reveals phase transitions, semantic organization, and invariant features that
persist across layers and different learning regimes. We further develop mechanistic probes to disentangle
behaviour of neural architectures at a fine-grained scale, also investigating how these models interact with
factual and counterfactual information. Our methods also map and track information flow in multimodal systems.
By integrating these mathematical and computational advances, LADE aims to contribute to safer and more
trustworthy AI, strengthen model evaluation, and apply these insights to scientific domains, with a focus on life
and material sciences.
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1. Memberships and Partnerships

LADE involves more than 10 members focusing on developing methods for interpreting modern AI
systems. Current members rank as Staff researchers, Post-Docs, and PhD students, and are affiliated
with the Institute of Research and Technological Innovation (RIT) at Area Science Park. The laboratory
promotes visiting programs for senior researchers and internships for young researchers and has
a vibrant schedule of seminars and scientific events. The laboratory collaborates closely with two
experimental facilities within Area Science Park, the Laboratory of Genomics and Epigenomics (LAGE)
and the Laboratory of Electron Microscopy (LAME). Moreover, it has tight relations with several local
institutions, such as the University of Trieste, the International School of Advanced Studies (SISSA),
and the International Center for Theoretical Physics (ICTP). It has a wide network of collaborations
across Europe, including Spain, Netherlands, UK, Austria, Germany and several other countries.

2. Scientific Objectives

The core scientific objective of LADE is to advance the interpretability and reliability of Artificial
Intelligence from a foundational perspective, developing rigorous mathematical, physical, and compu-
tational tools to understand what and how neural networks learn and to devise strategies that make
AI systems transparent and safe by design. This theoretical focus is always pursued in synergy with
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application-driven research: a parallel technological team at LADE is building expertise in construct-
ing AI-augmented infrastructures that support cutting-edge scientific applications, spanning life and
material sciences. Our applied and infrastructural vision is realized through active participation in
major national initiatives, including two large Italian PNRR projects: one in the domain of life science,
the Pathogen Readiness Platform (PRP) project, and the other in the domain of material science, the
Nano Foundries and Fine Analysis Digital Infrastructure (NFFA-DI) project. In both projects, LADE
plays a key role in the design and implementation of robust, FAIR-compliant digital ecosystems. These
engagements enable us to bridge advances in AI interpretability with real-world scientific workflows,
connecting foundational studies directly to structural biology, health research, and materials characteri-
zation. Furthermore, our involvement in the Malattie Rare project, funded by Regione Friuli Venezia
Giulia, provides a direct pathway to apply interpretability methods to medical domains, fostering the
translation of theoretical insights into practical, trustworthy AI tools in clinical settings. In this interdis-
ciplinary and multi-project environment, LADE positions itself as a hub where fundamental advances
in AI interpretation are integrated with AI-augmented infrastructure development and domain-specific
applications.

3. Scientific Context: Interpretability for Artificial Intelligence

As artificial intelligence systems grow in scale and usage, questions of transparency, interpretability,
and reliability have become central for both scientific and industrial applications. Large neural mod-
els—including language models (LLMs) and vision-language models (VLMs)—now achieve remarkable
accuracy in many domains, yet their decision-making processes and internal representations often
remain obscure. Globally, the research community is addressing these challenges with interdisciplinary
approaches, including mathematics, computer science, and domain applications.

The work at LADE aligns with these efforts, aiming to understand and explain how modern AI systems
learn, generalize, and interact with data. Our research is broadly organized around the following themes:

• Representation geometry and topology: Uncovering the structure, evolution, and invariants
of learned representations in large models;

• Learning dynamics: Exploring how different training regimes shape the emergence and trans-
formation of internal features;

• Mechanistic interpretability: Developing methods to reveal and intervene on the underlying
mechanisms driving predictions;

• Multimodal AI: Investigating information flow and interpretability in systems that integrate
multiple data types and modalities.

In the following sections, we discuss recent advances and ongoing initiatives in each of these areas.

4. Research Topics

4.1. Geometric and Topological Structure of Neural Representations

The high-dimensional representations formed in hidden layers are the principal building blocks of AI
models. LADE research investigates global and local geometric properties of these representations, most
notably through the lens of intrinsic dimension, clustering structure, and topological transformations
across layers. The first study investigating geometric properties of transformer representations [1]
outlined an explicit strategy based on intrinsic dimension. Intrinsic dimension measures the minimum
number of variables needed to describe the structure of data confined to a lower-dimensional manifold
within a high-dimensional space. Applying intrinsic dimension analysis to neural network representa-
tions helps identify where networks compress and organize meaningful features, revealing how and
where abstraction and semantic structure emerge across layers. This provides a principled way to assess
information complexity and guide the selection of layers for transfer learning or model interpretation. In



[1], computing intrinsic dimension across layers helped to identify intermediate representations that are
more suitable for downstream learning tasks. Along these directions [2] shows that deep architectures
organize the processing of data point clouds in their internal layers into phases, with transitions marked
by sudden changes in intrinsic dimensionality and the emergence of semantic clustering. Furthermore,
[3, 4] leverage the intrinsic dimension to identify a distinct phase corresponding to language abstraction,
emerging both from the geometric organization of whole sentences and token representations within
a paragraph. Using a different perspective, but with a similar goal, [5] builds a framework based
on topological data analysis to track the birth and death of topological cycles across model layers,
revealing robust universal features that persist across different datasets, architectures, and scales. These
techniques contribute to systematizing an effective mathematical language to compare layers, identify
redundancy, and support principled model pruning without significantly degrading performance. All
these results reveal a remarkable universality in the strategies employed by transformers, which can
be used to improve downstream applications in several domains, including proteomics and electron
microscopy.

Applications. In the context of proteomics, it was already shown in Valeriani et al. [1, Figure S2]
that fundamental geometric considerations lead to the improvement of bioinformatics pipelines for
protein remote homology detection without further training. The results on transformer representations
have been crucial to improving the description of important properties of biological systems. Insight
into transformer behavior led to the development of a state-of-the-art pipeline for the prediction of
changes in protein stability induced by single mutations using MSA-based language models in [6]. More
recently, based on the clustering of protein language model representations, we developed a method to
enhance the prediction of alternative folds for several protein families, and to reveal key coevolutionary
signals that inform the design of mutations that stabilize specific conformations [7]. In the context of
electron microscopy, the geometry of representations of deep learning models has been at the core
of a pipeline leveraging human annotation, machine learning techniques, and instrument metadata
filtering to improve annotation that is at the core of the "STM explorer" within the Trieste Advanced
Data services (TriDAS) website [8]. Furthermore, vision transformer representation has been used to
improve multi-tip artifacts in Scanning Tunneling Microscopy (STM) images [9].

4.2. Evolution of Representations Across Learning Paradigms

The organization of the geometry of representations is not static; it evolves dynamically as a function
of training methodology and inference strategies. Our work in [2] demonstrates that supervised fine-
tuning and in-context learning (few-shot) regimes induce markedly different geometric organizations
in LLMs when solving multiple choice Question Answering tasks. In-context learning leads to the
emergence of interpretable semantic structures recovering the subject of the questions in the early
layer of the network, while fine-tuning sharpens and separates in clusters the representations of the
answer in deeper layers of the model. Furthermore, we show in [4] that the intrinsic dimension of token
representations directly correlates with cross-entropy loss and prompt difficulty—the model struggles
in high-dimensional regions. This offers a geometric explanation for generalization bottlenecks and
may support the development of training-time diagnostics for reliability. Finally, beyond the classical
supervised and self-supervised frameworks, we study emergent representation phenomena in models
trained by non-standard, biologically-inspired approaches. The Forward-Forward algorithm [10], which
substitutes backpropagation with layerwise local objectives, yields qualitatively different representa-
tional geometry, with clear implications for both interpretability and computational efficiency. This
work shows that biologically inspired, layer-local objectives can produce both generic and distinctive
structures, highlighting alternative routes to compositionality and abstraction beyond standard back-
propagation. The study of this learning paradigm may point the way forward to more transparent and
energy-efficient AI.



4.3. Mechanistic interpretability of LLMs and VLMs

Interpretability requires not only descriptive metrics but also the understanding of model behavior.
Mechanistic interpretability aims to do this at a fine-grained level by describing the role of each
model component and their interaction. In the context of transformers, it is particularly important
to interpret which among the many attention heads operating in the model is responsible for the
solution of a specific task. In [11], we develop probing techniques that intervene on the hidden
states to separate the competing (or cooperating) mechanisms by which autoregressive LLMs manage
factual and counterfactual knowledge. This work shows that facts and counterfactuals are stored,
disentangled, and retrieved along specific pathways distributed across layers and heads, and reveals
how they interact or “compete” to drive final predictions. These mechanistic insights are essential for
trust in tasks such as question-answering or decision support. In [12], the focus is shifted to vision-
language transformers, where it is shown that attention heads specialize on distinct visual attributes,
encoding task-relevant information in low-dimensional subspaces. By identifying and reweighting these
specialized components, we boost model performance without full fine-tuning. This leads to ResiDual,
a simple and interpretable method that selectively amplifies relevant residual directions, unlocking
the model’s latent capabilities and achieving strong zero-shot results with minimal parameter updates.
Moving from language-only models to vision-language models (VLMs), the interpretability challenge is
amplified by the need to disentangle and audit cross-modal communication. Our work [13] uncovers
a dichotomy in multimodal architectures: in some models, all information from the image stream is
funneled through a small set of “narrow gate” tokens, which can be precisely localized, intervened
upon, and even manipulated; in contrast, other designs distribute the cross-modal interaction more
gradually, offering robustness at the expense of fine-grained control. These findings open avenues for
the intentional design of interpretable, controllable, and robust multimodal interfaces.

5. Ongoing Activities and Projects

Probing Attention Specialization in Multimodal Transformers. Current work is exploring how
specific components within large language and vision-language models contribute to the generation of
particular types of content, such as colors, emotions, or toxic information. In particular, applying meth-
ods from signal processing and extending the approach of [12] to generative models, we are developing
algorithms to identify and rank attention heads in VLMs based on their alignment with interpretable
concepts, enabling targeted analysis and intervention. By uncovering this internal specialization, our
studies opens the door to practical applications such as improving content safety (e.g., reducing toxicity),
enhancing model transparency, or enabling fine-grained control over model outputs.
Disentangling Knowledge Conflicts in Vision-Language Models. We are investigating how vision-
language models (VLMs) handle conflicts between their internal factual knowledge and contradictory
visual inputs. In particular, we are constructing a counterfactual multimodal dataset to analyze how
specific attention heads in the model mediate this tension. We show that a small, localized subset of
components is causally responsible for aligning the model’s predictions with either visual context or
internal knowledge, enabling interpretable and controllable interventions in multimodal reasoning. Our
studies will enhance the interpretability and controllability of vision-language models by identifying
how they resolve conflicts between visual input and internal knowledge. It will enable more reliable
AI systems, supports targeted model editing, and offer tools for stress-testing and benchmarking
multimodal behavior in complex scenarios.

6. Conclusion

In this work, we have outlined LADE’s ongoing efforts toward geometric, topological, and mechanistic
methods to interpret large-scale AI models. Our results suggest that mathematical and mechanistic
analyses provide valuable tools for clarifying how neural networks organize and transform informa-



tion, across a range of architectures, training regimes, and application domains. By increasing our
understanding of the inner workings of these models we aim not only to increase their performance in
downstream applications but also to make them more interpretable and trustworthy.
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