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DL Inference Overview



What is Model Serving/Inference?

Inference
| 3 -
AN B/

Pre-training Post-training



Inference Time Scaling Requires More Compute

FROM ONE TO THREE
SCALING LAWS

IGENCE"

NVIDIA Jensen Huang at CES 2025
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Inference Time Scaling Requires More Compute

FROM ONE TO THREE 0 NG THINKING'
SCALING LAWS (1] Pretraining scaling =
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better performance
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Inference Time Scaling Requires More Compute

FROM ONE TO THREE By it
SCALING LAWS (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




Inference Scenario 1: Online ChatGPT/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:

e If you love nature and animals, you might enjoy visiting the Anita Purves Nature Center " where you

L]
=
<
o
c
)
=
(0]
o
(o]
B,
=
[(e]
S
(o]
=
»
o
3
(0]
0]
=2
=
o
=X
o
e )
3
[0}
-
=
o))
=
(o
=
7]
-
(o]
=
=
o
c
3
[(e]
=5
-
=
o
e
=r
(0]
S
-
Q
3,
Q
—
=
(]
Q
-
=
(1]
w
-3
=5
(o]
=
P

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! &

Leasnmore v 1 @ experiencecu.org 2 X kam.llinoisedu 3 Q bing.com

H Q0 L e 20f30 @
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NatureCe...
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Inference Scenario 2: Online Image Generation

» DALLE 3
DALL-E 3 - An expressive oil painting of a An ink sketch style illustration of a small hedgehog holding a
basketball player dunking depicted as an piece of watermelon with its tiny paws, taking little bites with
3

. its eyes closed in delight.
explosion of a nebula.

DALL-E 3 | OpenAl



https://openai.com/index/dall-e-3/

Inference Scenario 3: Online Video Generation

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



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

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

- <0.1 <0.1

2017 2025 2017 2025 2017 2025 2017

Source: Expert interviews; McKinsey analysis




Training vs. Inference

Training Vs Inference

Runtime Weeks or months Milliseconds or seconds

Challenges TCO (Cost, Energy) TCO (Cost, Energy)

4 Speed (LLM: token rates)

Model size
e Parameter volume
e LLM: Context length

.




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 < 6bms
b Query N mitarity x 33 docs
Malta Click Features e U PR <5ms
x 150 passages
Ads seg2seqg model for query ~51ms <5Sms

rewriting



Inference Challenge 2: Small Batch Limits Parallelism

* Small batch size = Low data reuse
* Autoregressive generation = Sequential dependency

Input Vector

8192

N=2K, 4K, ...

&

Weight

8192

4096

Training |t

Output Vector

N

4096

Input Vector

8192

Weight
|® 8192
4096

» | Inference

1

Output Vector

4096



Inference Challenge 3: Large Memory Increases Cost

* Model parameters

* # Layers
 # Hidden dim KV
Parameters Cache
e KV h
* Batch size (26GB, 65%) & (>30%)

* Sequence length
* # Layers
* # Hidden

Others

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

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



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

Customized Kernels

Fast and Memory-Efficient Exact Attention
i - <o S with |0-Awareness, 2023

A
Q_bias
Key —»(+)
y \\‘-/ Outer Loop

Y |
K_bie K:dxN
T _/as\' Attn . Attention on GPT-2
» Value >'\+// » V-trans > Contat I Copy Block to
L_________A_j ontex I Q: Nxd Outer Loop V:NXd ;lMatmuI

= 19TB/s (20 MB) zrainT oo ™
—_————— — — —— — — — : s xp 1!
MLP Attn_bias Attn 7 v I z P [ Dropout
3x speedup v - Regll:ce 0 44]7 Transform HBM: 1.5 TB/s (40 GB) o %: o o 210.
1T _./'I\.,_ .7_+,\_< .._ i utput | EeE——— | 8 4+ ] Compute Block f,: ‘g Softmax
% 4 5 4 b} ] , — =
| ) | ‘ :12.8GB/s & : N e Fused
| l Bi dd (>1TB) : Mask Kernel
Norm 1as-a | . —
: - : 1.2x speedup Memory Hierarchy with - St e 0. ] Matmul
: il Bandwidth & Memory Size PyTorch FlashAttention
l Intermediate GELU |»(8R Output N | A an | y sm(QKV: Nxd Y
> M 4+ > i »( 1+ r> |
FF h _/l FF Reduce M \'A// 4 Inner Loop
I _ bi.as*'_. L e e t FlashAttention
————————— e 1as

DeepSpeed-Inference: enabling
efficient inference of transformer models at
unprecedented scale, SC 2022



Multi-GPU Inference via Partitioned Layouts

1D weight- 2D weight- Weight-
stationary ,  stationary ., gathered .
activations Wi N actvations Wi\ actvations Wi x N AlpaServe: Statistical Multiplexing with Model
—fE) () 0 PED (B s (B Parallelism for Deep Learning Serving, OSDI 2023
\ \ \ 7 araltielism 1or eep earnlng ervmg,
all-gather(xyz) all-gather(yz) all-gather(z) 'all-gather(xy)
BLE BLE) |
einsum 5 W Mem GPU 1 GPU 2 GPU 3 GPU 4 GPU 1 GPU 2 GPU 3 GPU 4
out - W out
BLF; (partialsum-x) " out
P —— (e | Ce] Co ) | [k | el e | Bl
BLExyz Ca e (e d|[CA ]| | |[aIed] || [r2]ee] || [at]et] || [(22]e2]
gelu ] (oeu ) @bgunerts) > ||| o |[Co| | | ey | [e2loz) | [ilon) | [=]e2]
all-gather(:) —_— Il — | — = —— —
BLF e /ae (A | A | 2| | || | 2T | 22
einsum einsum 4x G B b B B LB B |_B
_ partialsum-xyz) BLE, (paftialsum-yz) B, LE |(partialsum-z) c c c c c | c c l ¢
/reduce-scatter(xyz) reduce-scatter(yz)” reduce-scatter(z) D D D D D [ D D D
B: bafoh (a) Replication (b) Model Parallelism
Xy L: sequence length
E: hidden dim
— F: feedforward dim

(b) (c)

Efficiently Scaling Transformer Inference, MLSys 2023



Scheduling Strategies for LLM Inference

Orca: A Distributed Serving System for Transformer-Based Generative Models,
OSDI 2022

Individual
requests

Dynamic
batching

Continuous
batching




KV Cache Management

1 slot future used
(reserved)

2 slots future used
(reserved)

1 slot for

generated token External fragmentation

fafhers‘b.rough forth = <eos>| <resv> | | You

only | live ] CLLEN <g0s> <resv>

years | ago

Four | score | and | seven our
¥ v
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
/ A mathem
‘b|OCk 1 |computer | scientist| and P
Prompt: “Alan Turing is a computer scientist”
Completion: “and mathematician renowned” block 2
i block 3
Logical KV blocks Block table
block 0| Alan | Turing is i pomysical | 4 Fijeg Slscich Allocated on demand
ianti n 7 4 |\ r

block 1 | computer | scientist and mgthema A Jblock 5 I

tician - 1 4 o l
block 2 - * 5 1 \_ block 6

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

3)

You are a helpful assistant.

User: Hello!
Assistant: Hi!

User: Solve this problem ...

Assistant: Sure! ...

User: Hello!

Assistant: Hi! Assistant: | can...

User: Solve this question...
Assistant: Sure! ...

User: What can you do?

(5)

You are a helpful assistant.

User: Hello!
Assistant: Hil

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

User: Write a story ...
Assistant: Surel ...

(6] 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 ...
CJ CJ
)
User: Write a story ... User: Write a story ... What ... When ... How ...
Assistant: Surel ... Assistant: Surel ... 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: Hella! Question 3:
Assistant: Hil Assistant: Hil
[T
J ‘What ...
User: Solve this question... What ... When ... How ... Answer 3:
Assistant: Sure! ... Answer 3: ... | Answer 3: .. | Answer 3: .. 1 J
User: How about ..? o
@ Thisis ... Letus ... We can ... To solve ...

Assistant: Itis a ..



DL Compilation

TVM Stack Runtime: Lightweight and Cross Platform

i module
| module.set_input (#=#params)
! module. run(data=data_array)
output
module.get_output(®, output)

Computation Graph
Optimization

note: this is the typical optimization layer
of DL frameworks (g.g. Tensorflow XLA)

input

|:> Deployable Module

i prediction tabby, tabby cat

i Tensor Compute
i Description

note: see alsa index expression
from Halide, Loapy, TACO

Primitives from prior works (Halide, Loopy)

and Optimizations New primitives to support GPUs, Accelerators

Deploy Languages and Platforms

. python @
f e

i Schedule Space

| I s =

————————————————————————————————————————————————————————————————————————————————— \ Java

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

= runtime.create(graph, lib, tvm.gpu(@))

= tvm.nd.empty(out_shape, ctx=tvm.gpu(@))

Triton: An Intermediate Language and

Compiler for Tiled Neural Network
Computations, 2019

Interface to existing
l DSLs
] (Not addressed
Triton-C in this paper)
v v
Triton-IR
Triton-JIT ¥
—>  Auto-Tuner
¥
Machine
Benchmark -Independent
A Passes
]
Machine
-Dependent
Passes
Machinle-Code

'



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
roi 4
SVD g riVE 77
R 5550, ATARLERERS ge neural network) /
m W — m Ursr X ' . o Teacher // soft labels
| l’i‘ 2 ::\ p mogRy /// predictions
e " phpifaplit
i i i \e/ = .’Z‘ @ L i p ; 5 distilled| knowledge
888 ¥ ==
’,(1) 2) 3| s 4) B | hard labels
. : ’ : . ’ : l :'L,:’-'-' @ ; 3 sined! predictions < true label
. . O . e ‘@ 2 Training data
7 ‘ ! Q 7 "'\':"_; ® Student
Input Output
layer Hidden layers Q layer
Distillation

Low-rank decomposition



Quantization: Quick Recap 11

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

float32
-1.0 ( ) 1.0

l

L) a7

nwt®




8-bit Weight Quantization

xw

, I S S S S e e . \ FP32 weight matrix 8-bit quantization
* 8-bit weight quantization 1.1] 2.2]0.1|-0.1|-5.5|-6.6 Scaling | 21(42 | 2 |-2 |-106|-127
I I Factor
I 1/5
. . 4 *
Xquantize = TOUNd (Clamp(g, _szt—lj obit—1 _ 1))| ~ 0.05
‘ | | | | | I | | I’

1.1]2.1 |0.1|-0.1| -4.8]-6.6 21140 | 2 |-2 | -92/-127




8-bit Activation Quantization

o
M e

L.l

x 3

ol o m.

T

e 8-bit activation

\

I (Input to the linear layer) I
I Xquantize = TOUNd (clamp(g, —obit=1 gbit—=1 _ 1))'
\ s/

FP32 input matrix

8-bit quantization

112201 01]55]66] M8 [21]a2 [2 [-2 [106[-127
Factor
1/S
( *
=~ 0.05
1.1/2.1|0.1]-0.1| -4.8-6.6 21140 | 2 |-2 | -92|-127

24



Challenges to Quantize LLMs

|

Method o
| —"
|

—— LLM.int8()
8-bit baseline

0.7 16-bit baseline /
0.6 /
0.5

0.4

e Standard quantization
strategy leads to catastrophic
accuracy drop

Mean zeroshot accuracy

outlier features
0.3

= - Q Q Q Q
RO SN A O

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

25



Fine-grained Quantization

e Per-tensor qua ntization per-tensor quant. per-tensor quant.
e e e
* Low accuracy Ayl ¢ = E
* Fast to quantize/dequantize o7 X * C, V{}
e A
* Per-token/channel quantization N AyGT
* High accuracy C l = =
* Slower to quantize/dequantize r X * e \gf '

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

26



Mixed Precision Quantization

* Weights follow Gaussian

diStribUtion ;,.,1,,,,,,,;,77 3bt‘egh;.l"5.btact éton
150000 - :"._ tayer 51’0 i) Sbi - ’ oo ||°||| I .
125000 - ' — - Loyor 1 mento BN Miladey il

: " ' Layer4 || :

» Outliers remain in original g 0000 Pon e TG ‘,”||||||°‘|||"||||||'
form, quantize the rest of the § °°°] Dt D (T ||| === |
values £ 50000 v o :”"”"MH‘

25000 /‘\\ Layer 6 || et i
0- . - ...-l.':/ \\.._. S— ! Sbit/ 6bit " 1 1 H " || || ” IHIO |
0.4 -03 -02 -01 00 01 02 0.3 B .

* Different bits for different Weight Value

Iayers Per-layer weight distribution of BERT model

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

27



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 8



Outlier Smoothing

outlier X | W
» 10 0.1 ——o S—
> L
kT low effective bits
g N
=
S0 i 0 i

hard to quantize very easy to quantize
(a) Original

smoothed |A lmigrate difficulty | . |

' ' X W
" 1 k’ /—'—1'-\
L
-
= \/\/\/\/WV v\/\/vvvv
g
=
=l _ 0 :

easy to quantize easy to quantize
(b) SmoothQuant

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



Sparsification

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

Unstructured (connection) Sparsity:

High accuracy

No performance improvement or performance

regression

N:M Semi-Structured Sparsity:

High accuracy

High performance improvement

Structured Sparsity:
Large accuracy degradation

High performance scalability

BEENDBEBRA
sQafBofafof ] 07
OB nnn
aQofifefsfafofs
oQof oo ]
DEBOEOBRn
AAnNpooaon
OEBnooan

Unstructured Sparsity

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

Structured Sparsity (Column-
wise Sparsity)



Model Pruning 11

/ Deja Vu \ SparseGPT: Massive Language
Attentions. | | Models Can be Accurately Pruned
Predictor
— _— | in One-Shot, 2023
MLP, “ |
_ Predictor ‘ {HM.)_I
1—\\/ i
1 reconstruct Hessian H
Attention, T
Predictor ‘ /
I W, M
Deja Vu: Contextual Sparsity for Efficient select & invert

LLMs at Inference Time, 2023



Sparsification + Quantization

FP32

0.587 ' 0.487 -1.194 0.348
1.894

1.596

-0.782 0.995

0.277 2.062 -0.003. 0.958

1.138 0.917 -2,179 -0.112 2.45

1.374 0.494 0.34 --1.552 1.049 1.442

-0.928 -1.436 -1.069 1.677 0.273 -2.022

-0.665 0.455

FP32

1.596 .52;239‘ -1.112 1.919 -1.469

Dense Matrix

0.0 | 2.56

0.0 -1.194 0.0

0.0 0.0 -0.726
0.0 2.062 0.0

0.0 0.0 0.0 -2.179 0.0 |2.458

1.374 0.0 0.0 --1.552 0.0 0.0

0.0 -1.436 0.0 0.0 0.0 -2.022

. 0.0 1.919

0.0

Sparse Matrix

Sparse-Quantized Matrix



Knowledge Distillation

i

Dataset

* Soft Labels

Loss Fn

Soft Prediction
Hard Labels

Loss Fn

————————————————— >i Ground Truth y )—1

Distilling the Knowledge in a Neural Network

, 2015

MiniLLM: Knowledge distillation of large

|—> Teacher

Promptx — Student

Y ~ Qg

VL(0) (Section 2.2)

MiniLLM (Ours)

language models, 2024

Stage I: Training Task-aware Filters

L:”(k) rk
- 1
I—— =21 1—=——=1
;“j"l ==
K % i ‘_f__’ |

Stage II: Task-aware Layer-wise Distillation

Dprcd

Rl
1

_

k
DTED

-1

\
v — —
K x "

L(0s)

.J Task Specific Head

[yt |

| I

..,
o

7

Reverse KLD
L(6) = KL[qpl|p]

@ Tcacher Layer
Student Layer
Teacher Filter
Student Filter

T Forward Pass

7o Weights Receiving
= = Gradient Updates

Less is More: Task-aware Layer-wise Distillation

for Language Model Compression, 2024



KV Cache Compression

(hldren laughed and pl ed in the sunny park .
3 14 15 9§ 06
! |
0.1 Tgl 0.6 0.1 I
0.1 i
Decoding Step 4 Query 02
_________________
I( hi ldrenll ughe (.ll nd | played | in the sunny park

pOREER 65 09
1
0109
0.03 us 04 lo.

Decoding Step S Query

____________________________________________

TN

3 Eviction w. Global Statistic
(infeasible)

0.03

____________________________________________

Efficient Streaming Language Models with Attention

Sinks, ICL 2024

(a) Dense Attention (b) Window Attention

Current Token
5 . W T rH OEm

+—— T cached tokens —» I-L evicted L cached
tokens tokens

O(TL)v PPL: 5158X

Breaks when initial
tokens are evicted.

O(T?)x PPL: 5641X

Has poor efficiency and
performance on long text.

H20: Heavy-Hitter Oracle for Efficient
Generative Inference of Large Language

Models, 2023

(c) Sliding Window
w/ Re-computation

i

Anenuon Sink
previous tokens m
are truncated t

oL re-computed L\-‘ictcd L cached
tokens tokens tokens

O(TL*)X PPL: 5.43v O(TL)v PPL:540v

(d) StreamingLLLM (ours)

Has to re-compute cache
for each incoming token.

Can perform efficient and stable
language modeling on long texts.



KV Cache Compression

LLaMA-7B Performance (3-bit)

12
10.87
Per-Channel
v 101 oualtiiiion GQA: Training Generalized Multi-Query Transformer
% , I Models from Multi-Head Checkpoints, 2023
= Pre-RoPE
g Quan‘:?:atim Multi-head Grouped-query Multi-query
Non-Unif

-"E . QﬁZnﬂTaELmn 1% Values
%—‘L 6 5.94  Outliers
| R N - 000 [
ST . — — — — o — — — — e T Keys

Baseline T_,__'-_'-_,__’-_'-—F e AN

, Jo0uouon  oooooon

Baseline KVQuant

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



Speculative/Parallel Decoding

MEDUSA: Simple LLM Inference Acceleration
Framework with Multiple, 2024

IR
\\ \\ \\ ~ #[o
A N AN AN 4 x Lf' 4 Original Model \

L . L 4 Top-k Predictions
. . [ Ver'ify in qu-qllel ] l LM Head } = = > LA
[ \ ' ' ' ) Medusa Head
Autoregressive t t t t et Hidden o Tecusareads r
Decodin p ~ »| MedusaHead 1 | > s the
9 1 t t Transformer - § )
A ] 4 ] 4 ] A [ Eff|c|en'|'|y Dr'aff } ] Layers ] ‘;\ Medusa Head 2 ‘ >\ difficult, is, '
\’ \) \) ¢ r
t ) ‘ R :
_ x 7é|:| Embedding » Medusa Head 3 » not, difficult, a

Fast Inference from Transformers via Speculative oo —— PP——
[ What will h if It is difficult not e
Decoding, 2023 TRl e X Itis difficult
is' no




Early-Exit Inference

) S . Speculative Decoding via Early-exiting for
) . g Faster LLM Inference with Thompson
ey Binerence Sampling Control Mechanism, 2024

[ LM Head ] [ LM Head ]
[ Ts ] [ T ] Sample TS Control
f 4 3 3 Ors1~P(B1®:D)  Mechanism
| I I | |
Self Sample
Last-M Layers Distillation x~Pp(0411)
\ \
A A no Stoy
o Stop
*’2 |l j'5 J—l‘ Tﬁ \\ sx=1 generating
| | | !
\ | T I i yes
J \ | \ ‘I
a‘ .' 1 cep g .
o ,,
/
Early exmn;:, Layer ,
T // ‘ T // ‘ T// ‘ L/I ‘ T /f : drafttoken
Vs
# : frozen parameters, not trained
\ J First-N Layers ¥ cepted drafttoken
. ~ y : LLM’s parameters
[:] rejected draft token : par:
. . draft token rati : trainable parameters
... enables inference with subset of layers ... and we can improve accuracy by verifying ‘ - tioken generation process P
with higher accuracy... and correcting with remaining layers : TS control pro —- : LLM verification process

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



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

. /MoE layer N
Glx)y| | Glx)ya

B Gating

e Network
(. LN J

P

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

I

Switch Transformers: Scaling to Trillion Parameter Models with Simple

and Efficient Sparsity, 2021

y

T

-

{

Add + Normalize ]

1

Switching FFN Layer

*

{

Add + Normalize }

t

Self-Attention

X \\

~
-~

v2[TTTTT]

Add + Normalize

A
\\
FFN2 | | FFN3 || FFN4 | )
'
.
4'- -----

Router Router
A A
L J
I
r—>| Add + Normalize }4—
Self-Attention
A
Positional Positional
embedding E? embedding E‘?
x [[IT1TT] x[TTTTT]
More Parameters




Mamba — Linear Time Sequence Model

Selective State Space Model
with Hardware-aware State Expansion

A
— - 3 ~ —— =
—_—— — = — — =
- 7 S — =
.T.
|
N
he-q ) | f hy
- i - |
\
Xl I\ B.| — | — |c Yt
\\ tl] D—/ | ~— 5 t
N A . -
N T Discretize A\ At A
4
Project

_—— Selection Mechanism

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



Questions?

40
COMPUTER SCIENCE GRAINGER ENGINEERING
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