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Table 1. Comparing position representation methods
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E \E E 1 \ Eé ﬁ % Methods Inductive Data-Driven Parameter Efficient
1L, us j M J FH—= ~ -

Sinusoidal (Vaswani et al., 2017)

Embedding (Devlin et al., 2018) X

Relative (Shaw et al., 2018) X
v

(a) Sinusoidal (b) Position embedding This paper

NN N X

X
v
v

Position

Feature dimension

t=1+ Il

Learning to Encode Position for
Transformer with Continuous
Dynamical Model, ICML, 2020

Position
Position

Feature dimension Feature dimension
(c) FLOATER (d) RNN
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Attention Is All You Need, NeurlIPS, 2017
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The three settings we explore for in-context learning

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description
cheese => prompt
One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer example

cheese => prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

‘ V'f/»g

SHANDONG UNIVERSITY

Traditional fine-tuning (not used for GPT-3)

> GPTZ%l (Generative Pre-

large corpus of example tasks.

P o trained Transformer)
. GD“—1 ézﬁiﬁj‘ﬁvl
- GPT-3 ==t/
- BhREIFESEIEFU

Id

=Nl
_uﬁ'ﬁ

e

. - S ETFARERINA

GPT-1: Improving Language Understanding by Generative Pre-Training
GPT-2: Language Models are Unsupervised Multitask Learners

GPT-3: Language Models are Few-Shot Learners
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1
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Module

Conformer: Convolution-augmented Transformer for Speech Recognition, Interspeech, 2020 60
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Decision Transformer: Reinforcement Learning via Sequence Modeling, NeurlPS, 2021
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>—iEHYREF A, ERTESEENAEMNFIIERES

> BRI BRES (State Space Models, SSMs) SEiGH
BHRIVIRS T EHRE

»Mamba: Linear-Time Sequence

Modeling with Selective State Spaces
> Albert Gu (CMU), Tri Dao (Princeton)
»ColLM 2024 (ICLR 2024 1E67%5)
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( vi1) (v, ) (Vi)
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{' [ Hidden ] ( Hidden J ( Hidden J
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QID QID CICD é s (Unfolded)
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+ (NXEFEFE, &%

E L
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GIAZPRT!

RYTIE,

—> Recurrent
T2k

IWJQ,\%)IFI_; name is

A[ State ]A [ State jA

o My name
& EHY
e== v efficient inference
>Z

TEFEE::U\EA

X parallelizable training

Convolutional

Output

X unbounded context
v parallelizable training
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> Transformerfi{t

T, RIFHEIEIEKET SRR
T ANT BEFRESHEESIE
SZNEE NS ETEISIESRUEIREEIS

input My name is Maarten

[ [y oame [0 Training
Transformer
% Encoder ]—b =
Decoder ] Fast!
Transformers (parallelizable)

Output  Je m'appelle Maarten.

Inference

SloWooo
(scales quadratically with sequence length)
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y = Cx + Du Lt 2 g y =Cx + Du =it
Continuous Long-Range
State Space Dependencies Discrete Representations
NSTEMRE  KIEKE (#iata () BatRE
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1. BREN (RFIREHRAE)
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RESHIEE
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o BIAFF x(t). BRI h(t) . FUEHFS y(0)
_Q:I:' \,* Input Output
&) (seqtfence) SSM (sequgnce)

>2. IR (12
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W (t) = Ah(t) + Bx(¢) -
y(t) = Ch(t) + Dx(t)

x(t) y(t)
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- BRESEEUZEHE TIEZNRNGES, EESS o LAEMIELRYEIL,
9* E&*E JﬁiﬁU)\EI‘JHT_“EﬂQ'LTXjEﬁLJ{E HITHRAEE
. © a]r:/\c;ther ' %‘— EA) I\&/ Sfirf‘;zlstefpsm
o ® o o

72



| MambaZRig Rz ELN FR

>1. EEREBEEMY: SMFEIFEAR (Zero-Order Hold, ZOH)
e h, = Ah,_; + Bx,, hy = Bx,

° Yt:Eht

2 ing

x =Ax + Bu

y =Lx+ Du

Continuous
Representation

x=Ax + Bu
y =0Lx
Recurrent
Representation

Input Output
(sequence) Continuous SSM (sequence)

oo o A

state equation

hk = th_q o e Exk

output euation

Discrete SSM
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SSM SSM
RNN (Recurren t) (Recurrent + Unfolded)
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name is Maarten f,om oiwekuatats o Produces hidden state

build new state

B B B
My name is A h

(Recurrent + Unfolded)

HiPPO: Recurrent Memory with Optimal Polynomial Projections, NeurlPS, 2020 75
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» HIPPO (High-order Polynomial Projection Operator)
> HEHECTBEN AR R ESEER R R, HIPPORILIEE RIS AT

HiPPO Matrix
o1 %] ° 12 172 |
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k HiIPPO Matrix Ank '{ n + 1 the diagonal

1 3 0
thi b th
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n

HiPPO: Recurrent Memory with Optimal Polynomial Projections, NeurlPS, 2020 76
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IRESSEHER! (SSM) + HIPPOE L + BEYFA

e

Structured State Spaces for
Sequences (S4)

Continuous Long-Range Discrete
State Space = Dependencies : Representations
(HiPPO)
T A
A : : - H
0 1 2 3 4 0 1 2 3 4

Training mode (convolutional)
Inference mode (recurrence)

Efficiently Modeling Long Sequences with Structured State Spaces, ICLR, 2022 77
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‘ | ‘ Induction Heads

Perfectly solved by LTI (e.g. convolutional) models that do not need to look at the actual inputs - i - - |.| . F ooo ‘:I |:| . — -

Solution

Mamba: Linear-Time Sequence Modeling with Selective State Spaces, CoLM, 2024
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Mamba: Linear-Time Sequence Modeling with Selective State Spaces, CoLM, 2024
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(a) Recurrent Neural Network

(b) Transformer (Attention Mechanism)
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|5 313 |] e i N
i A | 1 i 8| &) | Feed itenion g
‘/7'\“ Unfold ho hy —> —> hi1 —> hi ‘ E l I J 1 I E | | orwar J ‘
<@ T f T E - 5 Add & Norm Add & Norm <
fl | ' I T
A h = . e d & é QEP 3 jattention Attention
T B = :- CB Parallel Computation E g l/y ;\ 1 S E \ e y & —
: v p i o vadid s V2V Posi opal 9 E Posmo‘nal
x ' ' Computation |  Engoding Encoding
i = k-1 /| &~ Input Input
< /! £ Came ] ‘gf}‘) ( Em:::ding ] ( Emt?ep:ding 1
Convolutional ) = % ey
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Comparison RNNs Transformers SSMs
Training Speed Slow (Recurrent) Fast (Parallel) Fast (Convolutional)
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Complexity O(LD?) O(L?D) O(LD?)
Modeling Capabilities @ (Hidden State) @ (Attention) © (Time-Invariance)
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> B & Transformer5Mambaffii&EEy
»5INBEEZR (MoE) 28

Introducing

Jamba

A groundbreaking hybrid SSM-Transformer model

Jamba: Hybrid Transformer-Mamba Language Models, ICLR, 2025
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