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LLM Routing
• As Large Language Models (LLMs) become widely deployed, managing rising query 

costs while ensuring high-quality service under tight token budgets has become 
a key challenge for LLM-serving providers.

• LLM routing offers a cost-efficient solution by directing each query to the optimal 
LLM that best balances response quality and inference cost.



Formal Problem Formulation
• Consider an LLM-serving system deployed with 𝑀 LLMs with each LLM 𝑖 

is assigned a token budget 𝐵𝑖.
• Sending query 𝑗 to LLM 𝑖 yields performance score 𝑑𝑖𝑗 and cost 𝑔𝑖𝑗.
• Objective: Route a set of 𝑄 queries with a routing strategy 𝑥 ⋅  that 

maximizes the overall quality of responses.
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Solving this MILP 
online is non-trivial: 
key challenges arise 
in practice!



Challenges
• Inaccessible ground truth performance and cost. For any query 𝑗, the 

true performance score 𝑑𝑖𝑗 and cost 𝑔𝑖𝑗 are unavailable without 
accessing the actual LLMs.
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• Deployment scalability. LLM deployment configurations may vary 
across different environments. Routing algorithm must be adaptive to 
these variations while minimizing adaptation overhead.

• Sequential query arrival under uncertainty. In practice, queries arrive 
sequentially rather than simultaneously and must be routed without 
knowledge of future queries.



Motivation Question
• Can we design a training-free online routing algorithm that still 

achieves a near-optimal cumulative performance?



Efficient Performance and Cost Estimation
• For each query, we employ Approximate Nearest Neighbor Search (ANNS) 

to efficiently estimate its performance and cost for each deployed LLM 
using a historical dataset 𝐷.

• Key advantages:
• Deployment scalability: Directly operate on 𝐷 without requiring model training.
• Computational scalability: ANNS algorithms are much more efficient than 

traditional KNN.



Online Routing from Observed Queries
• Approximate LP with Control Parameter.

• We approximate the original MILP by Equation (2) using the estimated መ𝑑𝑖𝑗  and cost 
ො𝑔𝑖𝑗, and introduce a control parameter 𝜶.
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• Routing via Learned Weights.
• We further relax Equation (2) to Equation (3) and derive its dual in Equation (4).



Online Routing from Observed Queries

• By complementary slackness, we have:
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• By complementary slackness, we have:

This motivates treating 𝜸 as a set of learnable 
weights across LLMs to aid the query routing.



Online Routing from Observed Queries

• Since computing the global optimal 𝛾 for all 𝑄 is infeasible online, we 
estimate it with 𝛾∗ from the first 𝑃 = 𝜖|𝑄| queries by solving Equation (6):



Online Routing from Observed Queries

• Routing Rule. The estimated 𝛾∗ is then used to route future queries by 
assigning each query 𝑗 to the LLM 𝑖 that  maximizes:

• Theoretical Guarantee. We provide formal theoretical guarantees 
demonstrating that our algorithm achieves a competitive ratio of 1
− 𝑜(1) under mild assumptions



Main Results
• Extensive experiments on 3 benchmarks demonstrate that our algorithm 

consistently outperforms all 8 baselines across performance, cost efficiency, 
and throughput. 

• As shown in the table below, our algorithm outperforms all baselines on average by 
3.55× in performance, 1.85× in cost efficiency, and nearly 4.25× in throughput. 



Computational Scalability 
• We vary query volume from 4000 to 12000 and observe that our 

algorithm consistently outperforms all baselines, maintaining top 
performance and robustness as load increases.



Scalability Across LLM Deployments
• Our method consistently outperforms training-free baselines under 

diverse LLM deployment configurations, highlighting its scalability.



Thanks!
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