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Punica
Serving multiple LoRA fine-tuned LLMs at the cost of one



Adapting Pre-trained LLMs to Tasks
Finetuning

• Follow instructions


• Human alignments


• Adapt to task input/output format


• Add new documents, domain knowledge


• Personalize



LoRA: Low-Rank Adaptation of LLMs
Parameter Efficient Fine-Tuning

• Adding <1% parameter (e.g., r=16, h=4096)

• W’ = W + AB

• W: [h1, h2], A: [h1, r], B: [r, h2]

• xW’ = x(W+AB) = xW + xAB


• Advantage:

• Faster training, Lower memory usage

• Low storage overhead


• How to serve LoRA models?
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ABSTRACT

An important paradigm of natural language processing consists of large-scale pre-
training on general domain data and adaptation to particular tasks or domains. As
we pre-train larger models, full fine-tuning, which retrains all model parameters,
becomes less feasible. Using GPT-3 175B as an example – deploying indepen-
dent instances of fine-tuned models, each with 175B parameters, is prohibitively
expensive. We propose Low-Rank Adaptation, or LoRA, which freezes the pre-
trained model weights and injects trainable rank decomposition matrices into each
layer of the Transformer architecture, greatly reducing the number of trainable pa-
rameters for downstream tasks. Compared to GPT-3 175B fine-tuned with Adam,
LoRA can reduce the number of trainable parameters by 10,000 times and the
GPU memory requirement by 3 times. LoRA performs on-par or better than fine-
tuning in model quality on RoBERTa, DeBERTa, GPT-2, and GPT-3, despite hav-
ing fewer trainable parameters, a higher training throughput, and, unlike adapters,
no additional inference latency. We also provide an empirical investigation into
rank-deficiency in language model adaptation, which sheds light on the efficacy of
LoRA. We release a package that facilitates the integration of LoRA with PyTorch
models and provide our implementations and model checkpoints for RoBERTa,
DeBERTa, and GPT-2 at https://github.com/microsoft/LoRA.

1 INTRODUCTION
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Figure 1: Our reparametriza-
tion. We only train A and B.

Many applications in natural language processing rely on adapt-
ing one large-scale, pre-trained language model to multiple down-
stream applications. Such adaptation is usually done via fine-tuning,
which updates all the parameters of the pre-trained model. The ma-
jor downside of fine-tuning is that the new model contains as many
parameters as in the original model. As larger models are trained
every few months, this changes from a mere “inconvenience” for
GPT-2 (Radford et al., b) or RoBERTa large (Liu et al., 2019) to a
critical deployment challenge for GPT-3 (Brown et al., 2020) with
175 billion trainable parameters.1

Many sought to mitigate this by adapting only some parameters or
learning external modules for new tasks. This way, we only need
to store and load a small number of task-specific parameters in ad-
dition to the pre-trained model for each task, greatly boosting the
operational efficiency when deployed. However, existing techniques

⇤Equal contribution.
0Compared to V1, this draft includes better baselines, experiments on GLUE, and more on adapter latency.
1While GPT-3 175B achieves non-trivial performance with few-shot learning, fine-tuning boosts its perfor-

mance significantly as shown in Appendix A.
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2022, LoRA: Low-Rank Adaptation of Large Language Models

https://arxiv.org/abs/2106.09685


Serving LoRA fine-tuned LLMs
Challenge: Resource over-provision

😟 Serving LoRA adapters individually

• Each adapter requires 10 GPUs

• Need 10*5 GPUs for 5 adapters

• Wastes GPU memory for backbone LLM
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😃 Multi-tenant LoRA serving

• Pool all GPUs to serve all LoRA adapters

• Smooth out loads

• Much less over-provision

• Share backbone LLM

• (But how?)



Serving LoRA fine-tuned LLMs
Challenge: Reduced batch efficiency

• Straw-man approach for serving multi-LoRA:

• Group requests by LoRA adapter

• Swap LoRA weight


• Reduced batch efficiency


• LLM has strong batching effect

• latency(b=6) is close to latency(b=1)

• Especially for Dense layers

• (LoRA is applied to Dense layers)


• Example: AABCCC

• ✅ Desired: b=6

• ❌ Reality: b=2, b=1, b=3



How to enable batching for LoRA?



• Identical adapter: 
n Requests, 1 Adapter


• Distinct adapters: 
n Requests, n Adapters

• Mixed adapters: 
n Requests, <n Adapters

Serving LoRA fine-tuned LLMs
A closer look
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Punica: Serving multiple LoRA LLMs at the cost of one
We made a custom CUDA kernel, called SGMV
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Segmented Gather Matrix-Vector Multiplication

Y[s[i]:s[i+1]] += X[s[i]:s[i+1]] @ W[i]



SGMV Kernel Performance
Under different popularity distribution

• Distinct: n Requests, n Adapters

• Identical: n Requests, 1 Adapter

• Uniform, Skewed: in between


• Latency

• Distinct: increases only slightly 

• Other cases: “free lunch”



Where does the free lunch come from?



Computation for LoRA
Very narrow vector-matrix multiplication

• Problem: Only utilize a small portion of GPU 
compute units


• Batching: Increase degree of parallelism 

• Y := BMM(X, W) 
Yi := Xi @ Wi

• X: [B, 1, H], W: [B, H, R], Y: [B, 1, R]


• Arithmetic Intensity

• FLOP: BHR

• I/O: BH + BR + BHR ≈ BHR

• Intensity: FLOP/IO ≈ O(1)
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Computation for LoRA
Weight-sharing

• Data movement

• Weight: GPU memory → GPU register

• Applied to N inputs. Amortized cost


• Batching: Increase arithmetic intensity 

• Y := X @ W

• X, Y: [B, H], W: [H, H], H >> B


• Arithmetic Intensity

• FLOP: BH^2

• I/O: 2BH + H^2 ≈ H^2

• Intensity: FLOP/IO ≈ O(B)

(13,16) := (13,4096) @ (4096,16)
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SGMV Kernel Performance
Under different popularity distribution

• Distinct: n Requests, n Adapters

• Identical: n Requests, 1 Adapter

• Uniform, Skewed: in between


• Latency

• Distinct: latency gradually increases 

• Others: in “free lunch” range


• Batching effect

• Improve arithmetic intensity

• Improve degree of parallelism

Utilize more compute units

Improve Compute:I/O



How to handle popularity 
difference of LoRA models? 
(1 adapter vs N adapters)



Transformer Layer Latency
Negligible difference across popularity

• Distinct (N adapters) vs Identical (1 adapter): 
very close


• Negligible difference!


• Popularity difference is hidden e2e

• Self-Attention is slower than Dense

• Base model GeMM is slower than 

LoRA SGMV

• LoRA adds only about 10% latency



Request Scheduling
Simple & Effective Solution

• How?

• Dispatch to busiest available GPU

• Subject to GPU memory size limit for KvCache


• On-demand loading of LoRA adapters (2ms)

• This does not block the computation of the existing batch


• Why?

• Batch size is the most important thing

• Hundreds of decode steps (30ms per step) + affinity

• Consolidate GPU usage, Auto-scaling



• ✅ Apply common LLM optimizations

• Continuous batching

• Request migration

• Weight quantization

• FlashInfer (github.com/flashinfer-ai/flashinfer)


• PagedAttention

• FlashAttention

• Batch decoding

• Ragged input

• Share-prefix decoding

• INT4/FP8 KVCache quantization

• Optimized Group Query Attention


• …

Punica: Serving multiple LoRA LLMs at the cost of one
Simplified system design

• 😆 Serve N models == Serve 1 model

• ✅ Share base model weight

• ✅ Batching efficiency

• ✅ Resource provision

• ✅ Amortize request rate fluctuation

https://github.com/flashinfer-ai/flashinfer


12x 
Text Generation 
Throughput 
(Single Instance)
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1 Adaptern Adapters, no sharing <n Adapters, some sharing



Consolidate 
Cluster-wide 
GPU Usage



Punica: Serving multiple LoRA LLMs at the cost of one

• SGMV kernel: efficiently batch 
different LoRA models


• Simplify multi-model scheduling 
as single-model scheduling


• Consolidate GPU usage by 
prioritizing batch size


• 12x throughput

https://github.com/punica-ai/punica
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Segmented Gather Matrix-Vector Multiplication

Y[s[i]:s[i+1]] += X[s[i]:s[i+1]] @ W[i]

https://github.com/punica-ai/punica
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