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3 1: Experimental server configuration.

CPU Intel Xeon Silver 4410Y 24 Cores, 2 Sockets
Memory 128 GB DRAM
GPU NVIDIA RTX 4000 Ada Generation 20 GB VRAM
oS Ubuntu 22.04.4 LTS
Kernel Linux 5.15.0-102-generic
3 2: Workload configuration.
Workload Task Type #Cases Avg. Prompt Length
Qasper Long-document QA 30 4.79k
GovReport Long-form Summarization 30 6.81k
Needle-in-a-Haystack Synthetic Retrieval 30 4.84k
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13 2: Score and TTFT comparison across surrogate methods.
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719 3: Score and TTFT comparison between SurKV-Global and
baselines.
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Z19 4: Prompt-wise stability of Global surrogate, layer-wise
structure of Local surrogate, and their direct alignment.
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