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ABSTRACT

Real-time conversational services with LLMs are widely used in applications such as chatbots, Al tutors, and intelligent
agents, but high inference cost and latency remain major bottlenecks. User queries in these services often show repetitive
patterns where semantically similar intents are expressed in diverse forms and concentrated within short time windows,
causing redundant LLM calls for identical or similar queries and accumulating resource waste and delay. Semantic caching
based on embedding similarity search has emerged as an effective approach to reuse past responses and reduce the
frequency and latency of LLM calls. To complement such caching, we propose a semantic dynamic batching method that
groups semantically similar queries in the embedding space before invoking the LLM. By clustering queries in real time
using bge-m3 embeddings and cosine similarity, and performing cache lookup and LLM inference only for representative
queries, we experimentally demonstrate that the proposed method can simultaneously reduce invocation cost and response
time in LLM-based conversational services.
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Fig. 1 Redundant LLM calls under consecutive similar
request
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Fig. 2 Overview of an LLM call optimization method using semantic dynamic batching and caching
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