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Research Statement

As a machine learning researcher, it is my strong desire to research safe, fair, and explainable approaches
in multimodal learning. I want to address the current shortcomings of multimodal foundation models
while building towards unbiased and transparent machine learning research for the future.

My research interests. My interests revolve around building fair and more explainable multi-
modal models. Nowadays, a very common method for training large multimodal models is by collecting
data from web crawlers that roam the entire known internet. Therefore, it is no surprise that this data
is not curated to be balanced, safe, unbiased, or even of relatively high quality; it is also not a surprise
that the resulting training results in models with downstream biases. Given the practical simplicity
of fine-tuning from such models for researchers and its wide adoption within the community (e.g., as
I've seen from many works in ICML’26), I believe this is a crucial research problem affecting current
ML trends and one that I am very much interested in. I am aware of many popular tools for explain-
ability and reliability (e.g., concept bottleneck models, conformal prediction, approaches focusing on
uncertainty quantification) in this direction and I believe there is an immense potential here for further
research in safety-focused Al

About me. My background is in robust and fair data-imbalanced models for computer vision and
machine learning. In my previous work, we derived class-intrinsic measures of imbalance and difficulty
for improving robustness and fairness in long-tailed recognition. I have prior experience in investigating
representations of CLIP-like VLMs and audio foundation models and learning from images, point clouds,
language, and audio.

As an example of a hypothetical research project in the intersection of these interests, I would like
to present the following idea.

Investigating the Imbalances of Multimodal Foundation Models

In training of multimodal models (such as CLIP), some notion of imbalance appears at multiple stages.

First, common pretraining datasets are often long-tailed, with some concepts being overrepresented
and many others having a very low number of samples. This is the natural distribution of image
datasets such as iNaturalist-2018 (Van Horn et al., 2018), of autonomous driving scenarios (Xu et al.,
2025), as well as the internet itself retrieved through web crawlers (Sharma et al., 2018). Notably, this
has serious consequences as recent research seems to indicate that for multimodal models trained on
such data, linear improvements in zero-shot generalization require exponentially more data for learned
concepts (Udandarao et al., 2024), which signals a severe case of data-inefficient learning.

Second, in multimodal learning it is also the case that there are imbalances between the modalities
as well, leading to modality gaps (Liang et al., 2022) and mismatches in concept alignment between
modalities. Although the popular Platonic Representation Hypothesis (Huh et al., 2024) viewpoint
argues that models learning from different modalities are converging to a shared view of the world, in
practice there is active work on ensuring alignment of modalities (Roschmann et al., 2026; Schnaus
et al., 2025).

My hypothesis. In their core, multimodal models such as CLIP aim to construct a unified repre-
sentation space that connects many modalities. The effects of imbalanced pretraining and modality
mismatches are directly linked in representation space, mainly caused by naive application of contrastive
objectives (e.g., InfoNCE). I believe a solution towards designing better models is to manipulate repre-
sentations of concepts in multimodal foundation models. Leveraging the geometric distribution of the
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same concepts in different modalities within the embedding space is in my opinion is the key to improv-
ing multimodal alignment, as well as the starting point for building safer, fairer, and more interpretable
multimodal models.
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