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DL Inference Overview
* Background

* Challenges

* System optimizations

* Algorithm optimizations



What is Model Inference/Serving?

Pre-training



What is Model Inference/Serving?

Inference

Serving A

Pre-training Post-training



Inference Scenario 1: ChatGPT/SearchGPT/Copilot

What are some fun places to visit at Urbana Champaign?

./ Searching for: fun places to visit at Urbana Champaign

~ Generating answers for you...

There are many fun places to visit at Urbana Champaign, depending on your interests and preferences.

Here are some of the most popular ones:
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a restored historic venue that hosts concerts, movies, and shows.

If you are feeling adventurous and sporty, you might have fun at the University of lllinois Ice Arena,

where you can skate, play hockey, or watch games.

These are just some of the fun places to visit at Urbana Champaign. You can find more information and

reviews on Tripadvisor or Bing. | hope you have a great time exploring the city! &

Learnmore v 1 @) experiencecu.org 2 X kam.llinoisedu 3 Q bing.com
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Microsoft Copilot: Your Al companion


https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahUKEwja4IP2sqSMAxW9g4kEHSzmGlMQFnoECAoQAQ&url=https%3A%2F%2Fcopilot.microsoft.com%2F&usg=AOvVaw2d6VZVvIDBqDMiyNApuhe8&opi=89978449

Inference Scenario 2: Online Image/Video Generation

DALL:E 3 - An expressive oil painting of a
basketball player dunking, depicted as an

explosion of a nebula.

DALL-E 3 | OpenAl

Prompt: A stylish woman walks down a Tokyo street filled with warm glowing neon and animated city signage. She wears
a black leather jacket, a long red dress, and black boots, and carries a black purse. She wears sunglasses and red lipstick.
She walks confidently and casually. The street is damp and reflective, creating a mirror effect of the colorful lights. Many

pedestrians walk about.

Sora: Creating video from text 6



https://openai.com/index/dall-e-3/
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahUKEwiNsbe_nqSMAxWsvokEHRmfE1UQFnoECAoQAQ&url=https%3A%2F%2Fopenai.com%2Findex%2Fsora%2F&usg=AOvVaw3Ewl-eIvoC0v2O46elq9zw&opi=89978449

Inference Scenario 3: Surveillance System
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Inference Scenario 4: Mobile Apps

&  Mobile GenAl Runs on Ar'm

Mobile GenAl Runs on Arm [ O] : Mobile GenAl Runs on Arm D]

Summary encode 306.3 tox/s | decode 3.1 tok/s

ET Cookie ®  encode 350.9 tok/s | decode 44,3 tok/s @ Phillip's Birthday

4 :
8 UNREAD MESSAGES = Summarize Here are the agreed-upon details:

+ The party will be held at the new
o Chinese restaurant in Mill road at 9pm

Hello! How can | help you today? Sarah on Saturday.

Yo guys, should we do Philip's birthday
party at our usual spot or try somewhere
new this time?

+ The gift will be a concert tickets for
Philip.

Where is Livorno?
is Liv + The gift will be wrapped and given to

Philip at the party.

Mike
+ Plenty of food and drinks will be
Livorno is a city in Italy, located on the coast of I say new! It'll be a nice change of pace. available afterwards.
Tuscany. Plus, he's always talking about how much
he loves that new Chinese restaurant in Mill
road.
How can | calculate the area of a triangle?
William

Agreed! Let's check it out. Anyone know if
To calculate the area of a triangle, use the they have a private room available?
formula: Area = (base x height) / 2.

o Amelia

| can check. I'm on my way home from work.

How does photosynthesis work, explain like I'm
Be there in 20.

five.

o Sarah

Photosynthesis is like a magic machine that Greatl Let me know if they can

accommodate us. And what time do you
prefer?

Unleashing the Power of Al on Mobile: LLM Inference for Llama 3.2 Quantized Models with ExecuTorch and KleidiAl | PyTorch



https://pytorch.org/blog/unleashing-ai-mobile/
https://pytorch.org/blog/unleashing-ai-mobile/
https://pytorch.org/blog/unleashing-ai-mobile/
https://pytorch.org/blog/unleashing-ai-mobile/
https://pytorch.org/blog/unleashing-ai-mobile/

Inference Scenario 5: Augmented and Virtual Reality




Inference Time Scaling

FROM ONE TO THREE
SCALING LAWS

“INTELLIGENCE"

NVIDIA Jensen Huang at GTC 2025




Inference Time Scaling

FROM ONE TO THREE

SCALING LAWS (1] Pretraining scaling =

bigger model and data,
better performance

“INTELLIGENCE"

NVIDIA Jensen Huang at CES 2025




Inference Time Scaling

FROM ONE TO THREE L ONG THINKING'
SCALING LAWS e (1] Pretraining scaling =
bigger model and data,

better performance

“INTELLIGENCE” " POST-TRAINING SCALING
o (2] Post-training scaling =
fine-tuning for precision

NVIDIA Jensen Huang at CES 2025




Inference Time Scaling Requires More Compute

FROM ONE TO THREE IRy eopepmtums
SCALING LAWS d (1] Pretraining scaling =
bigger model and data,
better performance
“INTELLIGENCE”
(2] Post-training scaling =
fine-tuning for precision

(3] Test-time scaling (long
thinking) = multi-pass
reasoning for complex
problems

NVIDIA Jensen Huang at CES 2025




Training -> Inference

Exhibit5 At both data centers and the edge, demand for training and
inference hardware is growing.

Data center, total market, $ billion Edge, total market, $ billion
Inference 9-10 Training Inference Training
4-5
4-4.5
1-1.5
~1
— - [
2017 2025 2017 2025 2017 2025 2017 2025

Source: Expert interviews; McKinsey analysis

14



Training vs. Inference

Training Vs Inference

Runtime Weeks or months Milliseconds or seconds

15



Training vs. Inference

Training Vs Inference
Runtime Weeks or months Milliseconds or seconds
Challenges Speed, Scale, Data SLA, TCO (total cost of
ownership)
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Training vs. Inference

Training Vs Inference
Runtime Weeks or months Milliseconds or seconds
Challenges Speed, Scale, Data SLA, TCO (total cost of
ownership)
4 SLA (LLM: token rates) A
TCO

e Parameter volume
e LLM: Context length

-

17



Inference Challenge 1: Long Latency Violates SLA

e Long serving latency blocks deployment
e Support advance models while meeting latency SLA and saving cost

Turing Prototype 2 ~100ms < 10ms

Turing Prototype 3 ~107ms < 10ms
10~12ms for [query, 1 doc]

Dee ery Document Similarit < bms
p Query . M x 33 docs
Malta Click Features o ifer? [(Eisn 2 PResei] <5ms
x 150 passages
Ads seq2seq model for query ~51ms <5Sms

rewriting

18



Inference Challenge 2: Small Batch Limits Parallelism

 Small batch size = Low data reuse (arithmetic intensity)
* Autoregressive generation = Generate tokens one-by-one

Weight : Weight
|
Input Vector Output Vector | Input Vector
: Output Vector
N ® 8192 — |n 1] |® 8192 — 1
; 8192 4096
8192 4096 4096 ! 4096
|

N=2K, 4K, ...

Training | » | Inference

19



Inference Challenge 3: Large Memory Increases Cost

* Model parameters
* # Layers
* # Hidden dim KV
Parameters Cache
e KV cache ~30%
. Batch size (26GB, 65%) | (>30%)
* Sequence length
* # Layers
* # Hidden
Others

e Activation and others LLaMA-13B on A100 40 GB

Efficient Memory Management for Large Language Model Serving with
PagedAttention, by Kwon et al., 2023

20


https://ar5iv.labs.arxiv.org/html/2309.06180
https://ar5iv.labs.arxiv.org/html/2309.06180

Customized Kernels

Fast and Memory-Efficient Exact Attention
s - <3 vl ek with |0-Awareness, 2023

|
I Q_bias
| Y
—_— > —p{ +
N Norm ~[‘ Key \\‘/} Outer Loop
.’

| |
| K_bias X I K':d x N .
| Value "/-l-\\' V Attn | Attention on GPT-2
" -trans ’ Context Copy Block to
B i e o s _AJ oA | Q Nxd Outer Loop V:NXd ] Matmul
1 . ————————- . =

= 19TB/s (20 MB) zrm T T
——————————— ol H S 1 1
MLP Attn_bios i Attn Vf I ?: :E .':_ ___________ ,__ Dropout
3x speedup — - —g— Transform HEM: 1.5TB GB < ik 210
l o] SR _/’:\.4_ . ::,\: i Reduce S ] Output _______ l 1.5TB/s (40GB) E‘? O'_:___ Compute Block % ‘z‘;‘m Softmax
| \J W | 1 :12.8GB/s £ ' e - . Fused
| | 4 (>17B) : ° > Mask  Kernel
Norm | Bias-add | d —
: 5 | 1.2x speedup Memory Hierarchy with - e 0. ] Matmul
PP S - Y. A o —l . . -
| T GELU L@ Output = i & o Bandwidth & Memory Size sm(QK)V: Nxd PyTorch FlashAttention
FF > b\/ > FF > Reduce [ M\ _/;‘ ’k\“ /‘ r> ] Inner Loop
I 3 | i | ;
_________ 0 L e FlashAttention
DeepSpeed-Inference: enabling
efficient inference of transformer models at
21

unprecedented scale, SC 2022



Multi-GPU Inference via Partitioned Layouts

1D weight- 2D weight- Weight-
stationary ,  stationary . gathered .
activations Wiy x N activations  Win x| activations  Win  x_ N AlpaServe: Statistical Multiplexing with Model
e () FE (BFe) s (B _ , ,
Parallelism for Deep Learning Serving, OSDI 2023
\ \ \ /
all-gather(xyz) all-gather(yz) all-gather(z) 'all-gather(xy)
BLE BLE)
einsum . ' W Mem GPU 1 GPU2 GPU3 GPU4 GPU 1 GPU2Z GPU3 GPU4
out N w out
BLF,; (partialsum-x) " out ;
e — g (S ][] [ [ g7 7) [2227) =227 [2222)
—r Ca e = CA]| | [(&Ie1| [Rele2] || [aiTet] || (2] e2]
(gelu ] @iigathert) T e JlColCo ]l | |[clon |l [caloz] | [cilot] | [c2loz]
sil-gather(i) — =1 = S T ——
BLFyz /BE IAIIAIIAIIQIIEIII:H:II[:I
einsum einsum dx B B B
partialsum-xyz) BLE,(paftialsum-yz) B, LE |(partialsum-z) ¢ c c ¢ c | ¢ ¢ l c
/reduce-scatter(xyz) /reduce-scatter(yz)” reduce-scatter(z)” D D D D D [ D D L D
8: batch (a) Replication (b) Model Parallelism

—®)
(b) (c)

L: sequence length
E: hidden dim
F: feedforward dim

Ky

Efficiently Scaling Transformer Inference, MLSys 2023
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Scheduling Strategies for LLM Inference

Taming Throughput-Latency Tradeoff in LLM
Inference with Sarathi-Serve, OSDI 2024

Individual
requests
Timeline
. C, D enter vLLM Decodes for A, B stalled

Dynamic A,.B, c, D, A;. By, Cy Dyl =**
bat C h i n ¥ o v 4 H

9 TBT without TBT with L :ﬁ:lr:!uzed

prefill interference prefill interference

Schedules
C. D enter Orca Decodes for A, B stalled
Continuous A, B, C, D, A, B, A, B, C.D[ -
batching A exits
C,Denter FasterTransformer Prefills for C, D stalled Decode
Aﬂ' Bﬂ Aﬂ' Bﬂ Aﬂ' Bﬂ Bﬂ Bﬂ CD' DD } ;;i:::islid
A exits B exits
. ; . C, D enter Sarathi-Serve No stalls
Orca: A Distributed Serving System for Transformer- A8, | ABoCy | ABaCo ] B,C,0, | 8 G0, } Stllree
Based Generative Models, OSDI 2022 A exits B exits

23



KV Cache Management

1 slot future used
(reserved)

2 slots future used
(reserved)

1 slot for

generated token External fragmentation

Four | score | and | seven | years ‘ ago our fafhers‘bmugh forth | <eos> | <resv> | ‘ You only | live ] (LN <e0s> <resv>
Y e
7 KV cache states for 2038 slots never used 3 KV cache states for 507 slots never used
request A's prompt (internal fragmentation) request B's prompt (Internal fragmentation)
Request A Request B
current iteration current iteration
Physical KV blocks
Request block 0
A
= mathem
‘bIOCR 1|computer|scientist| and i
Prompt: “Alan Turing is a computer scientist”
Completion: “and mathematician renowned" block 2
i block 3
Logical KV blocks Block table
: . ; Allocat n deman
block 0| Alan Turing is a b‘;zml # Filled block 4 ed on demand
P hem » 7 4 N r
block 1 | computer | scientist | and mgt pomay A Jblock 5 l
tician - 1 A& |
= = &i
block 3 block 7| Alan Turing is a

Efficient Memory Management for Large Language
Model Serving with PagedAttention, 2023

SGLang: Efficient Execution of Structured Language

Model Programs, 2024

@

U

You are a helpful assistant.
User: Hello!
Assistant: Hil

(3)

You are a helpful assistant.
User: Hello!
Assistant: Hil

User: Solve this problem ...
Assistant: Surel ...

(4) ()

You are a helpful assistant.

User: Hello!
Assistant: Hil

User: Hello!
Assistant: Hil

User: What can you do?
Assistant: | can ...

User: Solve this guestion...
Assistant: Sure!l ...

You are a helpful assistant.

User: What can you do?
Assistant: | can ...

User: Write a story ...
Assistant: Sure! ...

(8) (7
Question 1: .. Question 1: ...
You are a helpful assistant. Answer 1: ... You are a helpful assistant. Answer 1: ..
Question 2: ... Question 2: ...
Answer 2:... Answer 2:...
User: Hello! User: What can you do? Question 3: .. User: Hello! User: What can you do? Question 3:
Assistant: Hil Assistant: | can ... Answer 3: .. Assistant: Hil | Assistant: | can ...
ET
-]
User: Write a story ... User: Write a story ... What ... When ... How ...
Assistant: Sure! ... Assistant: Sure! ... Answer 3: ... | Answer 3: ... | Answer 3: ..
8 (9)
Question 1: ... Question 1: ..
You are a helpful assistant. Answer 1: ... You are a helpful assistant. Answer 1: ...
Question 2: ... Question 2: ...
Answer 2:... Answer 2:...
User: Hella! Question 3: User: Hello! Question 3:
Assistant: Hil Assistant: Hil
[7
J ‘What ...
User: Solve this question... What ... When ... How ... Answer 3:
Assistant: Surel _.. Answer 3:... | Answer3:.. |Answer3:.. i,
User: How about .7 . .
m Thisis ... Letus... We can ... To solve ...

Assistant: Itis a ...

24



DL Compi|ation Triton: An Intermediate Language and
Compiler for Tiled Neural Network

Computations, 2019

TVM Stack Runtime: Lightweight and Cross Platform
i Frameworks © Caffe? b CGNTK E? CareML m @ i module = runtime.create{graph, lib, tvm.gpu(@)) Interface to existing
- Pylorch, caffe2, entk supperted viaonnx =% T | module.set_input(#xparams) l DSLs
e i module. run{data=data_array)
! Computation Graph i output = tvm.nd.empty(out_shape, ctx=tvm.gpu(@)) . (N'Dt addressed
| Optimization | module.get_output(@, output) Triton-C in this paper)
| m e it o ¥ ¥
AT - - - -C-C-C-C-C-C-C--C-C--------—Zz-—zZzZzZzZzZZzZcz=zZ 3 : input -
! Triton-IR
Tensor Compute !

I
i
i Description
i

note: see alsa index expression
from Halide, Loopy, TACO :
e e |::> Deployable Module Triton-JIT *
i Primitives from prior works (Halide, Loopy) i ——>  Auto-Tuner
i i prediction tabby, tabby cat *
| Schedule Space i Bench . Machine
, and Optimizations New primitives to support GPUs, Accelerators ! Deploy Languages and Platforms enchmar -Independent
i ! A =
: Pty asses
! C i JS = ¢ python @ 1]
;____ S s s s T T T T T T T T T T T T T T T T T T T I I I I T T T ____________: Ja va M a c h i n e
i ! -Dependent
I ! i - -
| Backends Y N e~ | % Passes
i iMore hardware backends i i *
— Machlnle-Code

TVM: An Automated End-to-End Optimizing Compiler for Deep l
Learning, 2018

25



Compression Strategies

Before Pruning After Pruning
index ! [in bits) value
I quantization > 1 ! [01) 0
2 ! [10) 0.4
32 bit 2 bit 32 bit

Quantization

> - >
r A
SVD g r,VE o 7.
R 550, AL ESTRS i network)
mI w —> m||U,S, X , oo Teacher ‘0///// jq SOt 1abels
\ '_s:\ i ¢ e ranes i 1 predictions
i i i ::;: - ‘r g ‘ S o ; 5 distilled| knowledge
o @ e O @ | e  ’
O ® . O @ t 1
A 2) 3 4) S\ | hard labels
. e ’ ; : ’ A :',,:1'.- o ’ ed! predictions < true label
: : O A r o ¢ Training data
| ! 2 ! V "\i ® Student
Ilg“;:: Hidden layers Q OI::,Z:t
Low-rank decomposition Distillation

26



Quantization: Quick Recap 11

* Reduce the bits per weight, saving memory consumption
* Accelerate inference speed on supporting hardware

float32
-1.0 ( ) 1.0

l

2 ) e

nt®

27



Challenges to Quantize LLMs

|
— LLMr\.lliifggd | i ///u/. [
o7 /.,....-‘--/'
 Standard quantization : A
. ] 0.6
strategy leads to catastrophic ¢ / |
accuracy drop 3 | :
% 00/ |
g |
0.4 |
emergence of —— P
outlier features |
0.3 |
KA N GGG S S

LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale, 2023

28



Fine-grained Quantization

* Per-tensor quantization per-tensor quant. ] per-tensor quant,
e N
* Low accuracy A ¢ | E
* Fast to quantize/dequantize o7 X * g, V{}
N R
* Per-token/channel quantization AT A DG o
* High accuracy C; : —
. . C, i
* Slower to quantize/dequantize r x * G W
[ J Custom ke rnels r‘eq u i red E-.-. .-.-.-.-..-...-.-.-.-.-.-.-...-.-...-.-.-...-.-.-..“"- Rk

per-token quant. per-channel quant.
(b) per-token + per-channel quantization

ZeroQuant: Efficient and Affordable Post-Training Quantization for Large-Scale
Transformers, NeurlPS 2022

29



Mixed Precision Quantization

______________________

* Weights follow Gaussian
diStribUtion e 3bt egh;.inslbtact atonz

150000 - :".‘ === Layer5 3tiy/eg§n """""" ’ || ” “ ""” H
1250001 T b ——— (A O T
* Outliers remain in original 2 100000 { P e -6hiy/e;;‘_""""""",.”"" H" LR
form, quantize the rest of the § ™ P g S R e
values = so000- A o ””""”“””
25000 - :/,'\\\\.’-. e | :
S > S\ N e | IHER || [{b HF??
_04 -03 -02 -01 00 o01 02 03 Y
* Different bits for different Weight Value
layers Per-layer weight distribution of BERT model

GOBO: Quantizing Attention-Based NLP Models for Low Latency and Energy
Efficient Inference, MICRO 2020

30



Second Order Information

* Analyze the loss curvature (Hessian matrices) to help identify layer
sensitivity

(a) MNLI 4™ layer (b) MNLI 10™ layer (c) CoNLL-03 4™ layer (d) CONLL-03 11" layer

GPTQ: Accurate Post-Training Quantization for Generative Pre-trained
Transformers, ICLR 2023 1



Outlier Smoothing

outlier IX | |W |
» 10 0.1
> R
2 low effective bits
g LA
=
S0 i 0 i
hard to quantize very easy to quantize
(a) Original
smoothed 5 lmigrate difficulty W
' ' X W
Y k. /T\
L
-
» \/\/\N\Nv \/\/\NWV
g
=
= : 0 :
easy to quantize easy to quantize
(b) SmoothQuant

SmoothQuant: Accurate and Efficient Post-Training Quantization for Large
Language Models, ICML 2023 .



Sparsification

Unstructured (connection) Sparsity:
* High accuracy

* No performance improvement or performance
regression

Structured Sparsity:
* Large accuracy degradation

* High performance scalability

N:M Semi-Structured Sparsity:
e High accuracy

e High performance improvement

BEEnDBEBRA
sQafofafof ] 07
OB ann
fofififsfafo)
oQofafafofafafs
DEBOEOBn
AEAnNpooan
OEBnooan

Unstructured Sparsity

Structured Sparsity (Column-
wise Sparsity)

SliceGPT: Compress Large Language Models by Deleting Rows and Columns, ICLR 2024

Semi-Structured Sparsity (4:2 N:M)



Model Pruning 1

/ Deja Vu \ SparseGPT: Massive Language
Attention,.. . | Models Can be Accurately Pruned in
Predictor
—  — | One-Shot, 2023
MLP, “ |
_ Predictor ‘ (HM.:]_I
1—-\_\/ i
t reconstruct Hessian H
Attention, T=
Predictor ‘ / ’
I W, M
Deja Vu: Contextual Sparsity for Efficient select & invert

LLMs at Inference Time, 2023

34



Sparsification + Quantization

FP32 FP32

0.587 ' 0.487 -1.194 0.348 0.0 | 2.56
1.894 1.596- 0.0 . 0.0

-0.726 0.0 0.0 -0.726
-2.146 0.0 2.062 0.0

|:> 0.0 0.0 0.0 -2.179 0.0 2
1.374 0.494 0.34 --1.552 1.049 1.442 1.374 0.0 0.0 --1.552 0.0 0.0

-0.928 -1.436 -1.069 1.677 0.273 -2.022 0.0 -1.436 0.0 0.0 0.0 -2.022

1.596 .5'2;239.1.112 1.919 -1.469 0.0 . 0.0 0.0 1919 0.0

Dense Matrix Sparse Matrix Sparse-Quantized Matrix

0.0 -1.194 0.0 0.0

-0.782 0.995 -0.665 0.455

0.277 2.062 -0.003. 0.958

1.138 0.917 -2,179 -0.112 ;
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Knowledge Distillation

i

Dataset

* Soft Labels

Loss Fn

Soft Prediction
Hard Labels

Loss Fn

_________________ >{ Ground Truth y

Distilling the Knowledge in a Neural Network

, 2015

|_. Teacher — R l ___________

Y ~qo Reverse KLD
Promptx — Student
P Heen £(6) = KL[gp]lp]

VL(0) (Section 2.2)
MiniLLM (Ours)

MiniLLM: Knowledge distillation of large
language models, 2024

Stage I: Training Task-aware Filters  Stage II: Task-aware Layer-wise Distillation
L(oe,)

Dprea
___t t_ ?rc. J Task Specific Head
s e @ Tcacher Layer
M(k) K - o
i 4 TED Student Layer
e B el T e,
TTTTT Ul "' . . Teacher Filter
- - - — p— | S— -
K I ‘ i r -F. = Student Filter
K x : ;

T Forward Pass

* ‘ ’ ‘V o Weights Receiving
= = Gradient Updates

Less is More: Task-aware Layer-wise Distillation

for Language Model Compression, 2024
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KV Cache Compression

(hldren laughed and pl ayed in the

[T

Decoding Step 4 Query

Efficient Streaming Language Models with Attention
Sinks, ICL 2024

I“‘“""‘ll ughed | and | plyed | in | the | summy | park | . 4

Jthe | sumny | park [ .
S 143152 065 09 1 as ;
T ” (a) Dense Attention (b) Window Attention (¢) Shiding Wmdlow (d) StreamingLLLM (ours)
w/ Re-computation
0.1]089 | |
0.03 US 01los
2101 1 1
Decoding Step S Query

-___]___s v are lrum.il:_d !
+—— Tcached tokens —» - T-L evicted L cached

aaal
L re-compute ‘d evicted L cached
s ans - .
tokens tokens tokens tokens tokens

O(TL)v PPL:540v

Can perform efficient and stable
language modeling on long texts.

l I i Anenu:r)/;-lgl-(‘h
___________________________________________ Current Token
3 16 1805108 09 ! i ﬁ
ne T
1
Ium |

0.1]05

O(THx PPL: 5641X

O(TL)v PPL: 5158x

Breaks when initial
tokens are evicted.

O(TL*)X PPL: 5.43v

3 Eviction w. Global Statistic 0.03
(infeasible)

Has poor efficiency and
performance on long text.

Has to re-compute cache
for each incoming token.

____________________________________________

H20: Heavy-Hitter Oracle for Efficient

Generative Inference of Large Language
Models, 2023
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KV Cache Compression

LLaMA-7B Performance (3-bit)

12
10.87
Per-Channel
~ 101 Key
= i Quantization
) 3
-
x~ 7
= Pre-RoPE
- Key
o Quantization
> 6.23 Non- Uniform
e
=< Quantization 1%
= 6 5.94  Outliers
lu_.l 5.75
A | B DT TEN SR e
Baseline

Baseline KVQuant

KVQuant: Towards 10 Million Context Length LLM
Inference with KV Cache Quantization, 2024

GQA: Training Generalized Multi-Query Transformer
Models from Multi-Head Checkpoints, 2023

Multi-head

Values

Keys

1
{
{
{
{
{
{

S

P

}
}
}
}
}
}

Queries

NN R W b SN B SN B NN b SN R NN B W

Grouped-query Multi-query

Jonn I

00000000 DoCooooa
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Speculative/Parallel Decoding

MEDUSA: Simple LLM Inference Acceleration
Framework with Multiple, 2024

B \‘ B \\ I~ \\ Ry l—l #[ 0
. . I (A . S . A x LF' Original Model \ + Top-k Predictions
{ SR SR SR Verify in Parallel [ reas | v
A
: (T . . & Medusa Heads
Autoregressive . . . . Last Hidden ) .
Decodin P - >L Medusa Head 1 J >L is, ', the
9 t 1 A Transformer - | p
;U SR S | Efficiently Draftsd, } | b= > MedusaHead2 [——>( diffcultis,’
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Fast Inference from Transformers via Speculative
Decoding, 2023
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Early-Exit Inference

) S . Speculative Decoding via Early-exiting for
) p g Faster LLM Inference with Thompson
Farly St nference Sampling Control Mechanism, 2024
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. draft token rati : trainable parameters
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with higher accuracy... and correcting with remaining layers : TS control pros — : LLM verification process

LayerSkip: Enabling Early Exit Inference and
Self-Speculative Decoding, 2024 "



Mixture-of-Expert Models are Sparse and Need Less Compute

. /h'aloE layer N
G(x),| | Glx}ya

B Gating

e Network
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P

Outrageously Large Neural Networks: The
Sparsely-Gated Mixture-of-Experts Layer, 2017

Il

Switch Transformers: Scaling to Trillion Parameter Models with Simple

and Efficient Sparsity, 2021
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Mamba — Linear Time Sequence Model

Selective State Space Model
with Hardware-aware State Expansion
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Selection Mechanism

Mamba: Linear-Time Sequence Modeling with Selective State Spaces, 2024
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Questions?
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