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Summary: This paper introduces S-LoRA, a system for efficiently serving a large number of Low-Rank Adaptation 

(LoRA) adapters derived from a single base Large Language Model (LLM). As the “pretrain-then-finetune” approach 

produces thousands of task-specific LoRA models, existing systems like HuggingFace PEFT and vLLM face severe 

bottlenecks in memory, batching, and parallelism. S-LoRA addresses this by separating the shared base model 

computation, which is common to all queries, from the adapter-specific computation, which differs per request, allowing 

efficient batched inference even when different users use different adapters. The system’s core innovations include 

Unified Paging, which manages both adapter weights and key-value (KV) cache tensors within a unified GPU memory 

pool to minimize fragmentation and improve utilization, and Heterogeneous Batching using custom CUDA kernels that 

compute LoRA updates (xAB) on-the-fly for adapters of different ranks stored in non-contiguous memory. It also 

introduces a Tensor Parallelism (TP) strategy aligned with Megatron-LM, where LoRA matrices are partitioned 

consistently with base-model weights to reduce unnecessary communication and fuse all-gather and all-reduce 

operations. This design minimizes GPU-to-GPU communication cost while scaling across multiple GPUs. Beyond this, 

S-LoRA stores all adapters in CPU memory and fetches only the active ones to GPU memory when needed, hides I/O 

latency through predictive prefetching that anticipates future adapters, and employs adapter clustering to batch similar 

adapters for better throughput and an early-abort admission control strategy to maintain latency targets by dropping 

requests when the system is overloaded. The system is implemented as an extension of LightLLM, a lightweight LLM 

serving framework built on PyTorch and Triton, which provides the base infrastructure for token-level batching and 

execution. In its experimental setup, the authors evaluate S-LoRA using the Llama model family (7B, 13B, 30B, and 

70B) across a range of adapter ranks and GPU configurations, including NVIDIA A10G and A100 GPUs with up to 

670 GB of host memory. They benchmark S-LoRA against HuggingFace PEFT and vLLM under identical conditions, 

measuring throughput, latency, and user satisfaction based on first-token delay and SLO attainment. The results show 

that S-LoRA can serve thousands of adapters concurrently on a single or multi-GPU setup with only minor overhead, 

achieving up to 4x higher throughput than vLLM and 30x over HuggingFace PEFT. 
 

Evaluation: This paper tackles an impactful problem: enabling high-throughput, concurrent serving of the rapidly 

growing number of LoRA fine-tuned variants of large language models. Scalable serving is crucial for deploying 

personalized or domain-specific LLMs that may serve thousands of users simultaneously. The proposed solution is both 

valid and novel. Unified Paging smartly extends PagedAttention to manage LoRA adapter weights and key-value (KV) 

caches within a single GPU memory pool, reducing fragmentation by leveraging their shared hidden dimension. The 

new S-LoRA tensor parallelism strategy aligns LoRA computation with Megatron-LM’s partitioning, minimizing 

redundant GPU communication and efficiently fusing collective operations. The decision to compute adapter updates 

on-the-fly, rather than merging them into the base model, is a well-reasoned design trade-off that improves throughput 

for multi-adapter serving. The evaluation is comprehensive, benchmarking several Llama models (7B to 70B) on diverse 

hardware setups and comparing against strong baselines such as HuggingFace PEFT and vLLM. Detailed ablation 

studies isolate the benefits of Unified Paging and custom kernels, while tests on both synthetic and real workload traces, 

including those derived from LMSYS Chatbot Arena, confirm scalability and robustness. Overall, S-LoRA 

demonstrates strong performance gains with minimal overhead. The paper is clearly written, well structured, and 

presents its methodology, experiments, and findings in a clear manner. 
 

Main takeaways: 

1. By running shared base-model work once and computing adapter updates separately, S-LoRA avoids 

duplicating models and enables efficient batching across many LoRA adapters on limited GPU memory. 

2. Extending PagedAttention, S-LoRA uses a single memory pool to manage both KV caches and LoRA weights, 

reducing fragmentation and keeping GPU memory usage stable even with dynamic workloads. 
 

Strengths 

1. Unified Paging directly tackles the memory fragmentation problem caused by loading and unloading variable-

sized adapters alongside dynamic KV caches, keeping GPU memory use efficient and stable. 

2. S-LoRA combines smart model design (splitting base and adapter computation) with systems ideas like 

prefetching, clustering, and tensor parallelism, scaling to thousands of adapters without hurting performance. 
 

Weaknesses 

1. The system depends on custom CUDA kernels that work on non-contiguous memory, which adds extra 

implementation and maintenance complexity compared to using standard GPU libraries. 

2. Combining Unified Paging, clustering, prefetching, and admission control makes the system complex and 

harder to debug or extend in real-world use. 

 

Discussion: How well would Unified Paging work for other fine-tuning methods like Prefix-tuning, where parameters 

don’t align with the hidden dimension? 


