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TOProBbIX POBOTOB C UCMOSIb30BaHMEM ML.

XMBY 6€CMNOKOMHOM XXN3HbO HOMada U
MNyTeLEeCTBYO C 2-MA 60MbLLUMMIM COBaKaMM.

g D0l
] e Ty

» . [ |

—
[ |
—
m sergey-savvov m @slgero



https://www.linkedin.com/in/sergey-savvov/
https://medium.com/@slgero

3a4yeM HaM 3TO HYXXHO?

JimFan$@
&9 @DrlimFan
In the future, every 1% speedup on LLM inference will have similar
economic value as 1% speedup on Google Search infrastructure.




3a4yeM HaM 3TO HYXKXHO?

JimFan$@
@DrJimFan
In the future, every 1% speedup on LLM inference will have similar
economic value as 1% speedup on Google Search infrastructure.

OpenAl TpaTtar 700k$ exxenHeBHO Ha xocTuHE ChatGPT:



https://analyticsindiamag.com/openai-finally-learns-how-to-do-business/

3a4yeM HaM YCKOPSATb?

YcKopeHue paboTbl OCHOBHOMO MPUIOMXKEHUS
YBenmyeHme nponyckHoM crnocobHOCTM
YMeHbLUeHUEe TPAT Ha XOCTUHI

3anyck Moaenien Ha NpocTbiX AeBamcax

NH>KeHepHbIV a3apT

Cost

| OpenAL |

[Selp—hos‘ted]

Utilization

CxemaTmyHoe cpaBHeHume ctommocT OpenAl API u self-hosted LLM



UTOo XXAaaTb OT AoKaaa?

- TMoroBopmM Npo pasHble TEXHUKN YCKOPEHUA M ONTUMM3ALNUL
precision reduction, fine-tuning with adapters, continuous batching, ...

- TToCMOTPUM Ha 3aMepbl CKOPOCTU
- Y3HaeM, Kak UMMMeMeHTUPOoBaTh 3TO B NpodaKLleHe

- [Mponpémcsa no ppenmMBopKaM Oaa aensios



[Model Compression for Large Language Models]

—(Unstructured Pruning SparseGPT [Frantar and Alistarh, 2023], LoRAPrune [Zhang et al., 2023al, Wanda [Sun et al., 2023]

—

—[Structured Pruning HLLM—Pruner [Ma ef al., 2023]

—(Standard KD HM]NILLM [Gu et al., 20231, GKD [Agarwal et al., 2023]

Knowledge —(In-Context Learning )—(I.n—Context Learning distillation [Huang et al., 2022]
Distillation

MT-COT [Li et al., 20221, Fine-tune-CoT [Ho et al., 2023],
—(EA-based KD }—[Chain-of-Thought DISCO [Chen et al., 20231, SCOTT [Wang et al., 2023al,
SOCRATIC CoT [Shridhar ef al., 2023]

—[Instruction Following HLion [Jiang et al., 2023]

( . .
_| Quantization-Aware HLLM-QAT [Liu et al., 2023]

Training
N

P
Quantization-Aware

— = A PEQA [Kim et al., 2023], QLORA [Dettmers et al., 2023a]
AL Fine-tu
i

o
Weight Quantization ] LUT-GEMM [Park et al., 2022], LLM.int8() [Dettmers et al., 2022], ZeroQuant [Yao et al., 2022],

\ \ J 7 R § N R N

GPTQ [Frantar et al., 2022], AWQ [Lin et al., 20231, SpQR [Dettmers et al., 2023b]

J

P
| | Post-Training
Quantization

SmoothQuant [Xiao et al., 2022], RPTQ [Yuan ef al., 2023], OliVe [Guo et al., 2023],
Outlier Suppression+ [Wei et al., 2023], MoFQ [Zhang et al., 2023c], OWQ [Lee et al., 2023],
ZeroQuant-FP [Wu et al., 2023]

J

Iﬁ:::(;ﬁzgﬁon LoRAPrune (Low-Rank Factorization + Pruning) [Zhang et al., 2023a], ZeroQuant-FP (Low-Rank Factorization + Quantization) [Wu et al., 2023] ]

Weight and Activation
Quantization
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- Precision - FastAttention

- Adap‘tefs - CUDA Optimization



NoaAroToBKa K aKCNepUMeHTy

Mopenb: Falcon 7B

python generate.py

GPU: AT00 40GB
Bubnunoteka pgnsa akcnepuMeHToB: Lit-GPT

- MOYXHO MPOBOONTb BbICTPbIE 3aMepPblI
- EcTtb nopogepykka pasHbiX aganTepoB
- XOpoLwo nogxoguT Onga ctapTa

Github: https:/github.com/Lightning-Al/lit-gpt



https://github.com/Lightning-AI/lit-gpt

Moaundukauus Mmogenn



Precision reduction

float 32
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Sign Exponent Fraction
(1bit) (8 bits) (23 bits)
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Precision reduction

float 32
Sign Exponent Fraction
(1 bit) (8 bits) (23 bits)

float 16 ("half” precision)

Sign Exponent Fraction
(1 bit) (5 bits) (10 bits)



Precision reduction

float 16 ("half" precision)

Sign Exponent Fraction
(1 bit) (5 bits) (10 bits)

python generate/base.py \
-—prompt "I am so fast that I can" \
-—checkpoint_dir checkpoints/tiiuae/falcon-7b \
--max_new_tokens 50 \
-—-precision "16-true"



Mixed-precision
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Mixed-precision
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python generate/base.py \

-—prompt "I

am so fast that I can"

Gradients
(FP32)

—

We_t hts
(FPS 2)

<

--checkpoint_dir checkpoints/tiiuae/falcon-7b \

-—-max_new_tokens 50 \

-—-precision

"16-mixed"
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Brain floating point (Bfloat 16)

float 16 ("half" precision)

Sign Exponent Fraction
(1 bit) (5 bits) (10 bits)

bfloat 16 ("brain” floating point, more "dynamic range” like float 32)

Sign Exponent Fraction
(1 bit) (8 bits) (7 bits)



Brain floating point (Bfloat 16)

bfloat 16 ("brain” floating point, more "dynamic range" like float 32)

Sign Exponent Fraction
(1 bit) (8 bits) (7 bits)

python generate/base.py \ XoTta bfloatlé nsHadanbHoO 6biN pa3paboTaH

-—-prompt "I am so fast that I can" \ ans TPU,TeI‘Iepb STOT CI)OpMaT
-—checkpoint_dir checkpoints/tiiuae/falcon-7b \

nooaoepXXmMBaeTCH HECKOJTbKMNMIM
-—-max_new_tokens 50 \

—Srecision "HE1E trge® rpapuryeckmmm npoueccopamu NVIDIA.



Precision reduction

Falcon inference speed Falcon memory usage

BFloat16-mixed 40

Float16-mixed A

Float32 -

30 A

Memory used, GB
S

o 1
w

10 15 20 25 30 35 40 45 Float32 Floatl6 Floatl6-mixed Bfloatlé BFloatl6-mixed
Token/sec (higher is better)

bfloat16 Bcex NnobexxpaeT &



Quantization
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Quantization

Quantization

PoS‘t-TraInin uan‘t?zo(tion PPTQ) Quantization-4ware Training @4T)

Cambln “gewéBblin” cnocob KBaHTOBaHMeE MpUMeEHSAETCA BO BpeMs

0By4eHMs, YTO 3aMETHO CITOXKHEe,
KBaHTOBaHMe NpunMeHsaeTca K Y)KE

OBy4eHHOW Moaenw KauyecTBO Moaenm ob6bl4HO nydlle



Quantization

Quantization

PoS‘t-’Tr‘o\InMg uan‘tiza‘tion PPTQ) Quantization-4ware Training @4T)

Cambln “gewéBblin” cnocob KBaHTOBaHMeE MpUMeEHSAETCA BO BpeMs

0By4eHMs, YTO 3aMETHO CITOXKHEe,
KBaHTOBaHMe NpunMeHsaeTca K Y)KE

OBy4eHHOW Moaenw KauyecTBO Moaenm ob6bl4HO nydlle

python generate.py \
--prompt "I am so fast that I can" \
--quantize 1lm.int8



Fine-Tuning Before Adapters

1) FEATURE-BASED APPROACH

Labeled training set

b

Pretrained
transformer Keep frozen

Output l .
embedding

Classifier Update

2) FINETUNING |

Labeled training set

Voo

Pretrained
transformer Keep frozen

| :
/ Update

One or more
fully connected layers

3) FINETUNING |l

Labeled training set

}

Pretrained
transformer

}

\

Update
all layers



REGULAR TRANSFORMER BLOCK

|
Multihead self-attention

Fully connected layer

LayerNorm

Fully connected layers

L LayerNorm
|

H

Skip
connection

Skip
connection

Fine-Tuning With Adapters

TRANSFORMER BLOCK WITH ADAPTERS

T

( Multihead self-attention

Fully connected layer

Adapter

Skip

connection

LayerNorm

Fully connected layers

Adapter

—1
o)
(?7

_J

k LayerNorm
|

ADAPTER LAYERS

IIy connected layer \

Nonlinear activation

Fully connected layer

-
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II
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Adapters

additive selective
BitFit LN Tuning
Attention Tuning
Diff-Pruning
adapters Fish-Mask LT-SFT

FAR

soft prompts

Intrinsic-S/ reparametrization-based
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Architecture of adapter-based knowledge injection into LLMs Forward pass with updated model.



https://arxiv.org/abs/2212.08120

Fine-Tuning With Adapters




Fine-Tuning With Adapters

classification

sSummanrization

QLA
python fwnetgne/adapter_vz.py \ i
--data_dir data/alpaca \
--checkpoint_dir checkpoints/tiiuae/falcon-7b \

--out_dir out/adapter/alpaca

Y MeHg 3aHa10 ~10 yacoB g9 52K MHCTpyKumi




Inference



Batch Inference

f [: — prompt tokens

[— E — generated tokens
J - end-of-sequence token

Generation Iteration
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Batch Inference
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Naive batching




Batch Inference

S A |

Naive batching
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Continuous batching



Batch Inference

- LLaMA-13B, A100-40GB - LLaMA-7B, A10G
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Batch Inference

LLaMA-13B, A100-40GB

from vllm import LLM, SamplingParams

1lm = LLM(model="huggyllama/falcon-13b")
outputs = llm.generate(prompts, SamplingParams(temperature=0.8, top_p=0.95))

1lm.generate(prompts, sampling_params)

Throughput (reg/min)

VLLM - nHdepeHCc cepBep, KOTOPbIN MOAAEPXKMBAET Pa3Hble TRIOKM O/14
yckopeHuna LLMs

Github: https://github.com/vlim-project/vIim



https://github.com/vllm-project/vllm

Multiple GPU devices

Load shard Offload grads to
From CPU if CPU‘ if CPU
CPU Offloaded offload is enabled

1
1
1
1
v
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FORWARD
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BACKWARD
(LOCAL)

A
1
FREE FULL REDUCE- FREEFULL [ - .
——>» - - - >
WEIGHTS SCATTER WEIGHTS " UPDATE
- bad  WEIGHTS
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FSDP instance 1: N layers FSDP instance 1: N layers FSDP instance N: M layers
A A A
1 1 .
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1
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CPU Offloaded offload is enabled

Fully Sharded Data Parallel (ESDP) workflow


https://pytorch.org/blog/introducing-pytorch-fully-sharded-data-parallel-api/

Multiple GPU devices

python generate/base.py \
-—checkpoint_dir checkpoints/tiiuae/falcon-40b \
--strategy fsdp \
--devices 2 \
--prompt "I am so fast that I can"

Falcon-7B Falcon-40B

1x AG000 (48 GB) 2x A6000 (48 GB) 1x AG000 (48 GB) 2x A6000 (48 GB)
Time for inference  1.65 sec 18.00 sec Time for inference - sec 83.40 sec

Memory used 14,50 GB 9.60 GB Memory used - GB 46,10 G8



Prompt tuning
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Skeleton-of-Thought

Normal Skeleton-of-Thought
Decoding Question Decoding

What are the most effective

strategies for conflict (1) Skeleton stage

resolution in the workplace?

Answer
1. Active listening involves fully 2 Pomstt-::andmg 1. Active listening

concentratingon ... . 2. Identify issues

2. |dentify issues. Look into the root Sy carpronise

causes of ...

3. Compromise. Look for a middle

V ground ...

Generates answers Generates answers
sequentially in parallel =» Faster




3aMepbl CKOPOCTU U NaMATH



Falcon 7B & 1 A100 GPU

Time for inference, tokens/sec Memory used, GB
Vanilla Usage 339 289
Mixed-Precision 177 428
Bfloat16 424 428
Quantization 248 135
Continuous Batching 74.2 —

Multiple GPU 2.7 0.6



DdpenMBOpPKU ANa aennos

¢

Franenokc | TS | O | | atancy L adaptars | Quaneisanton] Veable | ucchang|PLocibuted | Buston | Tokan | Pronstheus
vLLM 15 0.94 | 4% s 0 Q Q V] & V) & 0
T | B0/ 036 145509 ) Q0 Q1 QD@ 8 G | O
CTranslatez | 93 055 |45 € & v v O o  © Q
DeepSpeed-MII | €0 o4t | 25s| € (%) v v & Q (%) (%)
OpenLLM 20 015 | 66| @ & (v B (3% Q@ O &
@ 2% o5 | ts| © (v) v v & Qo O &
MLC LLM 25 oz |tas| @ & O 0 0 O O (%)

Comparison of frameworks for LLMSs inference



https://medium.com/better-programming/frameworks-for-serving-llms-60b7f7b23407

Takeaways

1. OCHOBHbIe MeToAbl ONTUMU3ALMUM TakMe e Kak 1 ona DL Mmogenen

2.  Wcnonb3ynTte ogHy Mofesb M HECKObKO aanTepoB, €C/IN BaM HY>XKHO pellaTb Cpasy
HECKOJTbKO JOMEHHbIX 3a4au

3.  Wcnonb3ymTe rotoBble GPerMBOPKUM A9 CEPBUHIA Moaenewm —y HUX MHOro puyen
JOCTYMHO cpa3y “n3 Kopobkun”

4. T10 BO3MOXXHOCTM mcnonb3ymnte bfloatlo (Hy>keH onpenenéHHbin Tn GPU)

5. I/I3yq|/|Te TEXHUNKUN YCKOPEHNMA Yepe3 pa3Hble CTpaTerm npoMmntT MHXMHWNPWHIA



YTOo untTaTthb AanbLue?

- Optimizing Memory Usage for Training LLMs and Vision Transformers in PyTorch

- Accelerating Large Language Models with Mixed-Precision Technigues

- Understanding Parameter-Efficient Finetuning of Large Language Models: From
Prefix Tuning to LLaMA-Adapters

- The Secret Sauce behind 100K context window in LLMs: all tricks in one place

- 7 Frameworks for Serving LLMs

- 7 Ways to Speed Up Inference of Your Hosted LLMs



https://lightning.ai/pages/community/tutorial/pytorch-memory-vit-llm/
https://lightning.ai/pages/community/tutorial/accelerating-large-language-models-with-mixed-precision-techniques/
https://lightning.ai/pages/community/article/understanding-llama-adapters
https://lightning.ai/pages/community/article/understanding-llama-adapters
https://medium.com/gopenai/how-to-speed-up-llms-and-use-100k-context-window-all-tricks-in-one-place-ffd40577b4c
https://medium.com/better-programming/frameworks-for-serving-llms-60b7f7b23407
https://medium.com/better-programming/speed-up-llm-inference-83653aa24c47

Cnacmb60 3a BHUMaHue!



