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In large language model serving, we introduce a multi-objective optimization framework that formulates routing as an online linear programming with
Interpretable decision rewards. We apply an efficient bid-price control policy based on the online linear programming that admits requests when their
SLO-weighted benefit exceeds their shadow prices. To meet millisecond decision requirements, we develop a warm-started, projected first-order
updates that track the evolving dual shadow prices online with predictable runtime.

Problem

In large language model serving

* Heterogeneous SLOs

e Batch/KV-cache constraints

* Heuristics lack trade-off control
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Figure. lllustration of Prefill/Decode (P/D) disaggregation
with continuous batching.

Method

* |ncomingrequest
J

e Compare SLO reward
J

e Shadow price cost
J

* Accept/delay + choose GPU

The bid-price margin

Ai(g) =Tigk — a(Tj,g,k)P
Accept if SLO value exceeds
resource opportunity cost.

The corresponding online linear programming formulation

at time k 18:
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Table 1. Relative improvement (%) over Round-Robin with noisy
decode-length prediction 6,; ~ Unif(0.80;,1.20;).

Method Avg EEL] P95 EEL]| P99 EEL] Thr.T SLOJ
LOR 0.67 4.01 6.19 0.53 0.98
Power-of-2 1.30 3.84 6.06 0.73 1.84
Ours 45.75 42.49 25.85 090 11.10

Takeaway: Online LP accelerates LLM routing using shadow-price control, improving performance under resource constraints.
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Figure. Real-data comparison between routing policies under two representative multi-objective settings.
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Figure. TTFT satisfaction rate as a function of the tail weight (.
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