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Abstract

Model routing is a simple technique for reducing the inference cost of large language models
(LLMs), wherein one maintains a pool of candidate LLMs, and learns to route each prompt to
the smallest feasible LLM. Existing works focus on learning a router for a fixed pool of LLMs.
In this paper, we consider the problem of dynamic routing, where new, previously unobserved
LLMs are available at test time. We propose UniRoute, a new approach to this problem that
relies on representing each LLM as a feature vector, derived based on predictions on a set of
representative prompts. Based on this, we detail two effective instantiations of UniRoute,
relying on cluster-based routing and a learned cluster map respectively. We show that
these are estimates of a theoretically optimal routing rule, and quantify their errors via an
excess risk bound. Experiments on a range of public benchmarks show the effectiveness of
UniRoute in routing amongst more than 30 unseen LLMs.

1 Introduction

Large language models (LLMs) have seen a flurry of recent development [Radford et al., 2018, 2019, Brown
et al., 2020, Touvron et al., 2023, Anil et al., 2023, Grattafiori et al., 2024, DeepSeek-Al et al., 2024]. These
impressive abilities notwithstanding, the inference cost of LLMs can be prohibitive [Li et al., 2 al
2024 *tal., 2024b]. This has motivated several techniques to improve LLM inference efficien:
speculative decoding [Stern et al., 2018, Chen et al., 2023a, Leviathan et al., 2023], early-exiting [Schuster
et al., 2022], quantisation [Chee et 2023], compression [Frantar and Alistarh, 2023, Agarwal et al., 2024,
Rawat et al., 2024], and others [Pope et al., 2023, S et al., 2024, Menghani, 2023].

Our interest is in model routing for efficient inference. Here, one maintains a pool of candidate LLMs of
various sizes and capabilities. Given a prompt, one learns to predict the lowest-cost LLM which can reasonably
address the prompt. In doing so, one can learn to use high-cost LLMs sparingly, only on the (relatively)
few “hard” inputs. This is a conceptually simple but effective technique, which has seen a surge of recent
interest [Hend 2 ta et 2024, Chen
Huetal 24b, £ 025, Z
2024, Srivatsa et al., 2024, Feng et al., 2024, Lu e Dan 2024,

2024a, Mohammadshabhi et al., 25, Huang et al.,

L 2024b,

Existing works largely focus on routing over a fixed pool of LLMs. In practice, however, the pool of candidate
LLMs can constantly change; e.g., older LLMs may be deprecated in favor of new, performant LLMs. To
leverage such new LLMs, perhaps the simplest approach is to re-train the router. However, with frequent

Preprint. Under review.
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