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DATA-INTENSIVE APPLICATIDNS AND SYSTEMS

Taming Heterogeneity in the Al-driven Data Landscape

Data-Intensive Applications and Systems Laboratory

Catching up with an Evolving Landscape Classical Analytical Workloads and GPUs
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Al-Augmented Workloads with LLMs Vector Search & Semantic Similarity
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Semantically rich data processing should be efficient High-dimensional vector search: a new bottleneck

New Al-driven workloads to leverage DB? JIT as a solution to handle new operators?
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Fast Al enhanced Analytics through JIT Code Generation & GPU-acceleration
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