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) The Era of LLMs

@ Amazon-owned @ Anthropic @ Apple @ Chinese  Google @ Meta / Facebook @ Microsoft @ OpenAl @ Other

BOTS — BlenderBot1 @ [ ] { ] ¢ 00
PLATO-XL hat(Bard* BingChgij3
" Tt '9Creiaude 2 GPT-5*
billion parameters
Wu Dao 2.0 ?
Inflection-2.5 il
- je 4.0 H
GlaM Er(?éemihri1 Pro1.5
Olympus*
X Minerva {
 PaM Mistral-large
{ Gopher  Eyaone y
‘ Falcon 1808
PanGu-Alpha

Ernie 3.0 Titan SenseChat
- 175 Billion ‘ -
BLOOM
Jurassic-1 ‘

WebGPT

By

Claude 21 ‘ 75

B

LaMDA  FLAN Fuyu-heavy
’ Galactica IDEFICS
[ ’ . Qwen15 ’
O : 63PO
Xarge NLLB-200 LRRMZEM  LLaMa2 g @ wistral-gmal
Falcon LLM
GPT-NeoX  AlexaTM ®
* [ J InternLM ¢ MM1
®@ mGPT O¢ *00 (X4
GPT-2 ¢ Codex o o . e 00 ©
5 ° GPT-J ®¢ ° ®  Apaca MGIE
TS5 Megatron-11B WelM Atlas
/ t
pre-2020 2020 21 22 23 2024 TBC
David McCandless, Tom Evans, Paul Barton source: news reports, LifeArchitect.ai
Information is Beautiful // UPDATED 20th * = parameters undisclosed // see the data

Mar 24

LLMs: A Flourishing Ecosystem

Background: The Era of LLMs
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} Local LLMs Empower Billions Local Devices
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Limitations:

Smarter =

Can you interpret dreams?

Sure, I'l do my best to help!

Vhat's your dream about?

sitting on

I had a dream that | was
the water

a white sands beach
was crystal clear and | was drinking
some pineapple juice. What could
that dream possibly mean?

#% Dreaming of a beautiful beach

with clear water can symboli

ceful and s state of mind.
The color white repr
and innocence, which might signify
or afre

nts purity

aneed for a clean sl
start in life. Drinking pineapple
juice in the dream could indic

oking for sweetness
aking life.

that you're lo
or enjoyment in
Overall, this dream can signify a
desire for calmness, happiness, and
a positive outlook on life

Background: Our Foucs: PC



) Cloud LLM v.s. Local SLM
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) Cloud LLM v.s. Local SLM

AR :
Speed Cost-efficiency Speed Cost- eff|C|ency
Privacy Customizable Prlvacy Customizable
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Availability Quality Availability Quality
Cloud LLM Local SLM

Can we achieve better by deploying Larger LM Locally?

Background: Cloud vs Local



Prior Approaches: Offloading

CPU Mem
__________ | TCRU L
b L4 i _Results_ |
T o ) I T Q- GPU Mem THEN GPU Mem
L6 —CPU— - GPD:; L4 = ~Q e
i i i i '::E'::E'::E'::E'::E L3 L3 | i\‘lr\ | [ Y L2
----------- bbbl 1 R+t I TR e
tn || | | Eoone2Le o Trr= 023 | | inisog [ Lot
Lo Lo | | EDIDIDIDD L1 Ln-3 oomn OO | | oE 0E 0w 0l 0 Ln
GPU-Centric Offloading GPU-CPU Hybrid Offloading
FlexGen (ICML 2023) llama.cpp
« Computation : GPU « Computation : CPU and GPU

« Memory : CPU DRAM & GPU VRAM « Memory : CPU DRAM & GPU VRAM

Motivation



} Poor Generation Speed

Both offloading methods bring significant slow latency
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} Locality Mismatch

GPU
High computational power
but low memory capacity

Small, frequently
accessed working set

GPU

GPU

CPU

|deal

compute
utilization

CPU

Large, less frequently
accessed working set

CPU
Low computational power

\l\tiut large memory capacity

Existing CPU handles heavy workload

compute
utilization

Full-Parameter Activation Leads to Severe Locality Mismatch

Motivation



Opportunity: Predictable Sparsity

LLM exhibit predictable sparse activation

- A subset of neurons contributes to the output for a single token
- The activated neurons can be predicted with a lightweight predictor
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Does neuron activation show a skewed distribution?

Motivation



Insight-1: Power-law Activation

Hot Neurons vs. Cold Neurons
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Hot neurons consistently
frequently activated across
different tasks

Hot neurons should be placed on GPU due to their high locality

Motivation
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} Insight-2: Fast In-CPU Computation
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When cold neurons are offloaded on DRAM, which
offloading method is better for latency?

Load the weight to GPU VRAM then compute using GPU (prefill)
Direct execute computation on CPU (decode)

Motivation
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} Powerinfer: Combine Model Sparsity & System Locality

Design

GPU
load and compute
small hot neurons

CPU
load and compute
large cold neurons
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} Concrete Example

Layer Output

I

Calculate & Merge

Activate

Design

Online Predictor

/

Layer Input
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} Adaptive Predictor

Predictors occupy a considerable GPU memory

— Predictors needs another 7GB VRAM for 30B LLMSs.
(Occupy over 30% VRAM Capacity on NVIDIA RTX 4090)

Not every layer need the same size predictor
— Adaptive training method for predictors

— Save 50% VRAM
0200
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Sparsity
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) Neuron-aware Operator

Traditional Sparse Operator
— Significant overhead for converting input to sparse format
— Lack of support for CPU/GPU hybrid computation
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) Neuron-aware Operator

The activation sparsity is rows structured

— Neuron granular computation without converting overhead

— Enables efficient hybrid computation across CPU and GPU for
distinct neuron subsets following the neuron table
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} Implementation & Experiments Setting

Implementation:

build based on llama.cpp
4200 LoC: C++ & CUDA & Python
Modify the loading. computing process and operator

Evaluation Setting:
PC-High: Intel i9-13900K (5.4GHz, 8 cores), 192GB Host Memory, NVIDIA RTX 4090 (24GB)
PC-Low: Intel i7-12700K (4.9GHz, 8 cores), 64GB Host Memory, NVIDIA RTX 2080Ti (11GB)

Models: OPT(7B-175B), ReLUFalcon-40B, LLaMA2(13B-70B), Bamboo-7B
Workloads: Chatbot arena prompt, ChatGPT prompts, Alpaca
Baseline: llama.cpp, Specinfer

Metrics: Generation Speed (tokens/s)

Implementation 16



} End-to-end Performance

Compared to llama.cpp, Powerlnfer

>11x achieves an average speedup of 7.23x and
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reaches up to 11.69x faster performance.

Powerlnfer makes over 80% computation
happens on GPU, significantly mitigating
the locality mismatch problem

Evaluation



} End-to-end Performance for Quantization and Batch
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Accuracy

| PIQA Winogrande Arc-Challenge MMLU GSM8K Average

OPT-7B 75.78% 65.19% 30.63% 24.95% 1.90% 39.69%
OPT-7B-PowerInfer 75.67% 65.51% 30.63% 24.73% 1.82% 39.67%
OPT-13B 76.01% 64.96% 32.94% 25.02% 2.12% 40.21%
OPT-13B-PowerlInfer 76.28% 65.98% 33.19% 24.76% 2.20% 40.48%
LLaMA(ReGLU)-l3B 76.44% 70.09% 36.52% 50.21% 25.40% 51.73%
LLaMA(ReGLU)-l3B-P0werInfer 74.06% 69.93% 36.60% 4947% 23.90% 50.79%
Falcon-40B 81.23% 75.45% 50.68% 51.78% 21.99% 56.23%
Falcon-40B-PowerInfer 81.01% 75.92% 50.68% 51.68% 20.45% 55.95%
LLaMA(ReGLU))-7OB 82.01% 75.93% 52.39% 62.30% 62.30% 66.99%
LLAMA(ReGLU)-7OB-PowerInfer 82.05% 75.53% 51.45% 61.90% 61.90% 66.57%

Powerlinfer successfully maintains models’ accuracy

Evaluation



) LLMv.s. SLM

Powerinfer keeps SLM’s speed, but get LLM’s accuracy

Table 9. Performance comparison between SLM (Qwen-1.5-
4B) and PowerlInfer (Bamboo-7B).

Model TBT(ms) Average(%) MMLU(%) GSM8K(%) ARC-C(%)
Qwenl.5-4B 10.83 52.23 55.26 539 47.53
Bamboo-7B-PowerInfer 11.85 65.65 62.26 70.54 64.16
Bamboo-7B-dense 18.54 65.49 62.46 70.28 63.74

Similar speed with 4B

Similar performance with 7B

Evaluation
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} More Details in Our Paper

Table 4. End-to-end latency comparison for different models
with 1.5K input length and 256 output length on PC-High.

LLMs llama.cpp (ms) | PowerInfer (ms) | Speedup
¢ Long Sequences LLaMA(ReGLU)-13B-FP16 4991 14.38 347%
Falcon(ReLU)—40B—FP 16 321.63 56.48 5.69%
LL MA(R GLU)—70B—FPl6 92.76 37.17 2.50%
« Performance breakdown S
llama.cpp == +PO =3 +Engine m=m +Policy ==
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Figure 15. Performance breakdown for each component of PowerIn-
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Conclusion

Powerlnfer: Explore new possibilities for deploying large language
models on personal computers

Mechanism: Locality-aware CPU-GPU hybrid computation

Significantly improves the inference speed: Up to 11.69x speedup!

////////Z O GitHub https:/github.com/SJTU-IPADS/Powerlnfer

//
S8 -~ Hugging Face Thanks!
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