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Introduction

Al inference platforms increasingly rely on large-scale, multi-tenant GPU clusters with scale-to-zero policies[2 ] that lead to significant
cold-start overheads from model initialization [ 1]. Snapshot-based approaches mitigate initialization cost but shift the bottleneck to
snapshot size and I/0, while existing compression methods introduce additional bandwidth inefficiencies[3].

We present CRIU-LZ4, a restore-optimized, on-the-fly compression system integrated within the CPU-GPU checkpointing pipeline[4].
By eliminating intermediate storage and post-processing, CRIU-LZ4 reduces restore latency by up to 3x and snapshot size by up to 6x.
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Container snapshots enable fast startup of inference serving engines by transparently capturing the execution <4 i
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the critical path, where large memory images are read from storage and transferred to GPU memory. GPU Memory Size (GB)
Our analysis shows that disk I/0 is the primary bottleneck for restore latency (Figure 1). @ 25- — =
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To overcome this limitation, CRIU-LZ4 integrates compression and decompression directly into the memory path, 3% s X o= B‘S'; \F/*\fad ‘(i '\Ig:))
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operating at page granularity as data is streamed between CPU and GPU, as shown in Figures 2 and 3. This design ‘3”1.5-:./.,,.:-—-._._._—0—.5. Disk Read (4 KB)
reduces the amount of data transferred during checkpoint and restore while avoiding intermediate storage, = — : :
preserving page-level access and maintaining compatibility with incremental snapshots and deduplication. Data Size (GB)
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Evaluation Results Performance Analysis
Restoring from snapshots reduces vLLM startup time from 75-124 s to 39-51s(46-59% improvement). While Reducing the amount of snapshot data read
uncompressed restore is faster (25-35 s), it requires significantly larger snapshots(36-40 GB vs. 5.4-20 GB). from storage directly improves restore latency,
CRIU-LZ4 achieves a balance between near-baseline latency and significantly reduced storage requirements. as disk I/0 dominates the critical path.
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restore latency. Our evaluation shows that it
Figure 4: (Left) Checkpoint/restore latency and snapshot size; (Right) cold-start vs. snapshot-based restore

, , provides a practical approach to improving
Cerformance for vLLM inference, both comparing CRIUgpu and CRIU-LZ4 on an NVIDIA H100 (80 GB). / efficiency in inference serving systems.
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