CaLMFlow: Volterra Flow Matching using Causal Language Models
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Introduction CaLMFlow Framework

Figure 1. Overview of the
CaLMFlow framework.

We introduce CaLMFlow (Causal Language Models for Flow Matching), a novel
framework that casts flow matching as a Volterra integral equation (VIE), leveraging
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where we expect traditional ODE-based methods, such as CFM, struggle.
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