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Every architecture has its advantages

• CNN's advantages？

Fully Connected Layer

Receptive Field

Parameter Sharing

Convolutional Layer Larger model bias

(for image)

Jack of all trades,
master of none

Using image priors, reduce unnecessary parameters, prevent overfitting 



Every architecture has its advantages

• Residual Connection’s advantage?

Testing Data

Overfitting?

Training Data

Optimization issue

Source of image: http://arxiv.org/abs/1512.03385

architecture



Every architecture has its advantages

• Residual Connection? Optimize easier and better 

Source of image: https://arxiv.org/abs/1712.09913



……

……

Self-attention Layer 

Layer

Layer

Layer

Layer

Layer

Layer

Layer

Layer

Transformer?
Transform

er Layer (Block)

RNN (LSTM)

Mamba (and its friends)



The key question to address

……

RNN, Self-Attention, Mamba …

……

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

𝒚𝟏 𝒚𝟐 𝒚𝟑 𝒚𝒕



RNN-Style 

……

Hidden
State

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

𝒚𝒕



RNN-Style 
H𝑡 = 𝑓𝐴 H𝑡−1 + 𝑓𝐵 𝒙𝒕

𝒚𝒕 = 𝑓𝐶 H𝑡

……

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

H0 H1 H2 H3 H𝑡
……

𝑓𝐴 𝑓𝐴 𝑓𝐴 𝑓𝐴

……

𝒚𝟏 𝒚𝟐 𝒚𝟑 𝒚𝒕

𝑓B

𝑓C

𝑓B

𝑓C

𝑓B

𝑓C

𝑓B

𝑓C

Vector,
Matrix, …



RNN-Style 
H𝑡 = 𝑓𝐴,𝑡 H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

……

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

H0 H1 H2 H3 H𝑡
……

𝑓𝐴,1 𝑓𝐴,2 𝑓𝐴,3 𝑓𝐴,𝑡

……

𝒚𝟏 𝒚𝟐 𝒚𝟑 𝒚𝒕

𝑓B,1

𝑓C,1

𝑓B,2

𝑓C,2

𝑓B,3

𝑓C,3

𝑓B,𝑡

𝑓C,𝑡

Vector,
Matrix, …



RNN-Style 
LSTM

H𝑡 = 𝑓𝐴,𝑡 H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

• How do LSTM work: 4 Stages

• (1) Forget (2) Input (3) Update (4) Output

tanh

tanh

𝑦[𝑡]

ℎ𝑡ℎ𝑡−1

𝑐𝑡−1 𝑐𝑡

𝑥[𝑡]

𝜎 𝜎 𝜎



RNN-Style: An explanation

……

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

H0 H1 H2 H3 H𝑡
……

𝑓𝐴,1 𝑓𝐴,2 𝑓𝐴,3 𝑓𝐴,𝑡

……

𝒚𝟏 𝒚𝟐 𝒚𝟑 𝒚𝒕

𝑓B,1

𝑓C,1

𝑓B,2

𝑓C,2

𝑓B,3

𝑓C,3

𝑓B,𝑡

𝑓C,𝑡

Vector,
Matrix, …

Memory Read

Write

Reflection



𝒙𝟏

H0 H1

𝒚𝟏

𝒙𝟐

H2

𝒚𝟐

𝒙𝟑

H3

𝒚𝟑

𝒙𝟒

H4

𝒚𝟒

𝒙𝟓

H5

𝒚𝟓

𝒙𝟔

H6

𝒚𝟔

LLM

<BOS> I saw a saw ,

I saw a saw , which

RNN-
style



soft-max

Self-Attention Style 

……

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

𝒌𝟏 𝒒𝟏𝒗𝟏 𝒌𝒕 𝒒𝒕𝒗𝒕𝒌𝟐 𝒒𝟐𝒗𝟐 𝒌𝟑 𝒒𝟑𝒗𝟑

𝛼𝑡,𝑡𝛼𝑡,3𝛼𝑡,2𝛼𝑡,1

𝒚𝒕

𝛼𝑡,4
′𝛼𝑡,3

′𝛼𝑡,2
′𝛼𝑡,1

′

+

x x x x



Self-Attention Style 

……

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

𝒚𝒕



The concept of attention has been around for a long time

Neural Turing Machine 
https://arxiv.org/abs/1410.5401

Memory Networks
https://arxiv.org/pdf/1410.3916



https://arxiv.org/abs/1611.08656

Attention-based Memory 

Selection Recurrent Network 

for Language Modeling

The concept of attention has been around for a long time



𝒙𝟏

𝒚𝟏

𝒙𝟐

𝒚𝟐

𝒙𝟑

𝒚𝟑

𝒙𝟒

𝒚𝟒

𝒙𝟓

𝒚𝟓

𝒙𝟔

𝒚𝟔

LLM

<BOS> I saw a saw ,

I saw a saw , which



𝒙𝟏

𝒚𝟏

𝒙𝟐

𝒚𝟐

𝒙𝟑

𝒚𝟑

𝒙𝟒

𝒚𝟒

𝒙𝟓

𝒚𝟓

𝒙𝟔

𝒚𝟔

𝒙𝟏

H1

𝒚𝟏

𝒙𝟐

H2

𝒚𝟐

𝒙𝟑

H3

𝒚𝟑

𝒙𝟒

H4

𝒚𝟒

𝒙𝟓

H5

𝒚𝟓

𝒙𝟔

H6

𝒚𝟔

Same compute in 
each step

Longer input, 
more compute.

RNN can not rem. 
long history?



https://arxiv.org/abs/1706.03762

Not invent Attention, but remove modules other than Attention



Training language models (finding parameters/weights)

• Obtain  before updating weights

𝑧1, 𝑧2, … , 𝑧𝑡−1 → 𝑧𝑡

Language Model:

𝑧𝑡

……

𝑧1 𝑧2 𝑧3 𝑧𝑡−1

???

2.  calculate diff

1. Obtain current
pred.

3. Update weights



Training language models

Assume we want model to say「I saw a saw, which……」

LM LM LM

I saw a

<BOS> <BOS> I <BOS> I saw

??? ??? ???



Training language models

which

???

LM

<BOS> I saw a saw ,

??? ??? ??? ??? ???

I saw a saw ,

Assume we want model to say「I saw a saw, which……」



𝒙𝟏

𝒚𝟏

𝒙𝟐

𝒚𝟐

𝒙𝟑

𝒚𝟑

𝒙𝟒

𝒚𝟒

𝒙𝟓

𝒚𝟓

𝒙𝟔

𝒚𝟔

LLM

<BOS> I saw a saw ,

I saw a saw , which

full 
input



0

0

=

=

=

𝒙

𝒙

𝒙

𝒒

𝒌

𝒗

𝒒

𝒌𝑻

=

softmax
=𝒚 𝒗

GPU-friendly computation



𝒙𝟏

H0 H1

𝒚𝟏

𝒙𝟐

H2

𝒚𝟐

𝒙𝟑

H3

𝒚𝟑

𝒙𝟒

H4

𝒚𝟒

𝒙𝟓

H5

𝒚𝟓

𝒙𝟔

H6

𝒚𝟔

LLM

<BOS>
Full 

input

GPU hates 
waiting

I saw a saw ,

I saw a saw , which



Self-attention vs. RNN-style 

Self-attention RNN

Inference compute, memory 
increases as the input 
increases

Fixed compute and 
memory requirements

Training Easy to parallelize Hard to parallelize (?)



Source of image: https://www.artfish.ai/p/long-context-llms

RAG and AI agents both require 
language models to handle very 
long sequences.

Videos and audios are longer 
sequences than texts



Is it possible to parallelize RNN training?
H𝑡 = 𝑓𝐴,𝑡 H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

𝑓𝐴,1 H0 = 𝑂

H1 = 𝑓𝐴,1 H0 + 𝑓𝐵,1 𝒙𝟏

H2 = 𝑓𝐴,2 H1 + 𝑓𝐵,2 𝒙𝟐

H3 = 𝑓𝐴,3 H2 + 𝑓𝐵,3 𝒙𝟑

H𝑡 = 𝑓𝐴,𝑡 H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

= 𝑓𝐵,1 𝒙𝟏

= 𝑓𝐴,2 𝑓𝐵,1 𝒙𝟏 + 𝑓𝐵,2 𝒙𝟐

= 𝑓𝐴,3 𝑓𝐴,2 𝑓𝐵,1 𝒙𝟏 + 𝑓𝐵,2 𝒙𝟐 + 𝑓𝐵,3 𝒙𝟑

= 𝑓𝐴,𝑡(𝑓𝐴,𝑡−1 … 𝑓𝐴,3(𝑓𝐴,2(𝑓𝐵,1 𝒙𝟏 … ) … + 𝑓𝐵,𝑡 𝒙𝒕

…
…



Is it possible to parallelize RNN training?
H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

𝑓𝐴,1 H0 = 𝑂

H1 = H0 + 𝑓𝐵,1 𝒙𝟏

H2 = H1 + 𝑓𝐵,2 𝒙𝟐

H3 = H2 + 𝑓𝐵,3 𝒙𝟑

H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

= 𝑓𝐵,1 𝒙𝟏

= 𝑓𝐵,1 𝒙𝟏 + 𝑓𝐵,2 𝒙𝟐

= 𝑓𝐵,1 𝒙𝟏 + 𝑓𝐵,2 𝒙𝟐 + 𝑓𝐵,3 𝒙𝟑

= 𝑓𝐵,1 𝒙𝟏 + 𝑓𝐵,2 𝒙𝟐 + 𝑓𝐵,3 𝒙𝟑 … … + 𝑓𝐵,𝑡 𝒙𝒕

…
…

H𝑡 is a 𝑑 × 𝑑 matric

𝑓𝐵,𝑡 𝒙𝒕 = 𝐷𝑡



Is it possible to parallelize RNN training?
H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

𝑓𝐴,1 H0 = 𝑂

H1 = 𝐷1

H2 = 𝐷1 + 𝐷2

H3 = 𝐷1 + 𝐷2 + 𝐷3

H𝑡 = 𝐷1 + 𝐷2 + ⋯ + 𝐷𝑡

…
…

H𝑡 is a 𝑑 × 𝑑 matric

𝑓𝐵,𝑡 𝒙𝒕 = 𝐷𝑡

𝑓𝐶,𝑡 H𝑡 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝒚𝟏 = 𝐷1𝒒𝟏

𝒚𝟐 = 𝐷1𝒒𝟐 + 𝐷2𝒒𝟐

𝒚𝟑 = 𝐷1𝒒𝟑 + 𝐷2𝒒𝟑 + 𝐷3𝒒𝟑

𝒚𝒕 = 𝐷1𝒒𝒕 + 𝐷2𝒒𝒕 + ⋯ + 𝐷𝑡𝒒𝒕



Is it possible to parallelize RNN training?
H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

𝑓𝐴,1 H0 = 𝑂

H𝑡 is a 𝑑 × 𝑑 matric

𝑓𝐵,𝑡 𝒙𝒕 = 𝐷𝑡

𝑓𝐶,𝑡 H𝑡 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝒚𝟏 = 𝐷1𝒒𝟏

𝒚𝟐 = 𝐷1𝒒𝟐 + 𝐷2𝒒𝟐

𝒚𝟑 = 𝐷1𝒒𝟑 + 𝐷2𝒒𝟑 + 𝐷3𝒒𝟑

𝒚𝒕 = 𝐷1𝒒𝒕 + 𝐷2𝒒𝒕 + ⋯ + 𝐷𝑡𝒒𝒕

…
…

𝐷𝑡 = 𝒗𝒕𝒌𝒕
𝑇

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕



Is it possible to parallelize RNN training?

𝑓𝐴,1 H0 = 𝑂

𝒚𝟏 = 𝒗𝟏𝒌𝟏
𝑇𝒒𝟏

𝒚𝟐 = 𝒗𝟏𝒌𝟏
𝑇𝒒𝟐 + 𝒗𝟐𝒌𝟐

𝑇𝒒𝟐

𝒚𝟑 = 𝒗𝟏𝒌𝟏
𝑇𝒒𝟑 + 𝒗𝟐𝒌𝟐

𝑇𝒒𝟑 + 𝒗𝟑𝒌𝟑
𝑇𝒒𝟑

𝒚𝒕 = 𝒗𝟏𝒌𝟏
𝑇𝒒𝒕 + 𝒗𝟐𝒌𝟐

𝑇𝒒𝒕 + ⋯ + 𝒗𝒕𝒌𝒕
𝑇𝒒𝒕

…
…

H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

H𝑡 is a 𝑑 × 𝑑 matric

𝑓𝐵,𝑡 𝒙𝒕 = 𝐷𝑡

𝑓𝐶,𝑡 H𝑡 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝐷𝑡 = 𝒗𝒕𝒌𝒕
𝑇

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕



Is it possible to parallelize RNN training?

𝑓𝐴,1 H0 = 𝑂

𝒚𝒕 = 𝒗𝟏𝒌𝟏
𝑇𝒒𝒕 + 𝒗𝟐𝒌𝟐

𝑇𝒒𝒕 + ⋯ + 𝒗𝒕𝒌𝒕
𝑇𝒒𝒕

= 𝒗𝟏𝑎𝑡,1 + 𝒗𝟐𝑎𝑡,2 + ⋯ + 𝒗𝒕𝑎𝑡,𝑡

= 𝑎𝑡,1𝒗𝟏 + 𝑎𝑡,2𝒗𝟐 + ⋯ + 𝑎𝑡,𝑡𝒗𝒕

This is self-attention! (w/o softmax)

↦ Linear Attention 

H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

H𝑡 is a 𝑑 × 𝑑 matric

𝑓𝐵,𝑡 𝒙𝒕 = 𝐷𝑡

𝑓𝐶,𝑡 H𝑡 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝐷𝑡 = 𝒗𝒕𝒌𝒕
𝑇

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕



𝒙𝒕

H𝑡−1 H𝑡

𝑓𝐴,𝑡

𝒚𝒕

𝑓B,𝑡

𝑓C,𝑡

𝒙𝒕

H𝑡−1 H𝑡

𝒚𝒕

𝑓B,𝑡

𝑓C,𝑡

𝑓𝐵,𝑡 𝒙𝒕 = 𝒗𝒕𝒌𝒕
𝑇

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕

𝑓𝐶,𝑡 H𝑡 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

RNN Linear 
Attention

• Linear Attention is generalized RNN w/o “Reflection” 𝑓𝐴,𝑡

• Linear Attention is Self-attention w/o Softmax 



Linear Attention at training, it works like self-attention
at inference, it works like RNN

𝒙𝒕

H𝑡−1 H𝑡

𝒚𝒕

𝑓B,𝑡

𝑓C,𝑡

𝒙𝟏

𝒚𝟏

𝒙𝟐

𝒚𝟐

𝒙𝟑

𝒚𝟑

𝒙𝒕

𝒚𝒕

Training Inference

…

…



𝒙𝒕

H𝑡−1 H𝑡

𝒚𝒕

𝑓B,𝑡

𝑓C,𝑡

𝑓𝐵,𝑡 𝒙𝒕 = 𝒗𝒕𝒌𝒕
𝑇

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕

𝑓𝐶,𝑡 H𝑡 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

Linear 
Attention

H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

𝑑 dim

𝑑 dim

𝑑′ dim

H𝑡 H𝑡−1
= 𝒗𝒕𝒌𝒕

𝑇+

𝑑

𝑑′

𝒗𝒕𝑘𝑡,1 𝑘𝑡,2
𝒗𝒕 𝑘𝑡,𝑑 𝒗𝒕…

…

memorized 
information

where to write

10 0

Write 𝒗𝒕 into 2nd column of H



𝒙𝒕

H𝑡−1 H𝑡

𝒚𝒕

𝑓B,𝑡

𝑓C,𝑡

𝑓𝐵,𝑡 𝒙𝒕 = 𝒗𝒕𝒌𝒕
𝑇

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕

𝑓𝐶,𝑡 H𝑡 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

Linear 
Attention

H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

𝒚𝒕 = 𝑓𝐶,𝑡 H𝑡

𝑑
dim
𝑑
dim
𝑑′ dim

H𝑡
𝒒𝒕𝒚𝒕 =

Different information into 
different Columns

How much information to take 
from each column

0

1
0

…
…



This is not a new idea

https://arxiv.org/abs/2006.16236



RNN (Linear Attention) < Transformer (Self-
attention with Softmax)？

RNN (Linear 
Attention)

Transformer (Self-
attention with softmax)

𝒙𝟏

H1

𝒚𝟏

𝒙𝟐

H2

𝒚𝟐

𝒙𝟑

H3

𝒚𝟑

𝒙𝟏

𝒚𝟏

𝒙𝟐

𝒚𝟐

𝒙𝒕

𝒚𝒕

Small 
memory

limited 
memory

Infinite memory

……

……



RNN (Linear Attention) < Transformer (Self-
attention with Softmax)？

RNN (Linear 
Attention)

H𝑡 H𝑡−1= 𝒗𝒕𝒌𝒕
𝑇+ 𝒒𝒕𝒚𝒕 = H𝑡

𝑑

𝒌𝟏
𝑇 = 1 0 … 𝒌𝟐

𝑇 = 0 1 … 𝒌𝟑
𝑇 = 0 0 1 …

𝒗𝟏 𝒗𝟐 𝒗𝟑 … at most 𝑑 such 𝒗 without interference



Transformer (Self-attention with softmax)

……

𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝒕

𝒌𝟏 𝒒𝟏
𝒗𝟏 𝑑𝒌𝟐 𝒒𝟐

𝒗𝟐 𝒌𝟑 𝒒𝟑
𝒗𝟏 𝒌𝒕 𝒒𝒕𝒗𝒕

1
0
0
0
⋮

0
1
0
0
⋮

0
0
1
0
⋮

0
1
0
0
⋮

𝛼𝑡,2 = 1 𝛼𝑡,3 = 0𝛼𝑡,1 = 0

𝑡 ≤ 𝑑

𝒗𝟐



Transformer (Self-attention with softmax)

……

𝒙𝟏 𝒙𝟐 𝒙𝑡′ 𝒙𝒕

𝒌𝟏 𝒒𝟏
𝒗𝟏 𝑑𝒌𝟐 𝒒𝟐

𝒗𝟐 𝒌𝑡′ 𝒒𝑡′𝒗𝑡′ 𝒌𝒕 𝒒𝒕𝒗𝒕

1
0
0
0
⋮

0
1
0
0
⋮

?
?
?
?
⋮

0
1
0
0
⋮

𝛼𝑡,2 = 1 𝛼𝑡,𝑡′ > 0𝛼𝑡,1 = 0

𝑡 > 𝑑

𝒗𝟐

……

𝒗𝑡′+

memory starts to get 
confused



RNN (Linear Attention) < Transformer (Self-
attention with Softmax)？

H𝑡 = H𝑡−1 + 𝑓𝐵,𝑡 𝒙𝒕

0.6 1 0.4 0.5 1 0.5 2 1

Important imporant More 
important

0.30 0.45 0.25 0.10 0.17 0.10 0.46 0.17

Not so 
important

Soft-max Soft-max

Linear Attention memory unchangedd



+ Reflection: gradually forget 

H𝑡 = H𝑡−1 + 𝒗𝒕𝒌𝒕
𝑇

𝒚𝒕 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕

https://arxiv.org/abs/2307.08621

H𝑡 = 𝛾H𝑡−1 + 𝒗𝒕𝒌𝒕
𝑇

𝒚𝒕 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕

Linear Attention Retention Network (RetNet)



+ Reflection: gradually forget

𝒙𝒕

H𝑡−1 H𝑡

𝒚𝒕

𝑓B,𝑡

𝑓C,𝑡

Training Inference

𝛾

……

𝒙𝟏 𝒙𝒊 𝒙𝒕

𝒌𝒕 𝒒𝒕𝒗𝒕𝒌𝟏 𝒒𝟏𝒗𝟏 𝒌𝒊 𝒒𝒊𝒗𝒊

𝛼𝑡,𝑡𝛼𝑡,𝑖𝛼𝑡,1

……

𝛾𝑡−𝑖𝛾𝑡−1



+ Reflection: forget as needed
https://arxiv.org/abs/2405.05254

H𝑡 = 𝛾H𝑡−1 + 𝒗𝒕𝒌𝒕
𝑇

𝒚𝒕 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕

Retention Network (RetNet)

H𝑡 = 𝛾𝑡H𝑡−1 + 𝒗𝒕𝒌𝒕
𝑇

𝒚𝒕 = H𝑡𝒒𝒕

𝒒𝒕 = 𝑊𝑄𝒙𝒕

𝒗𝒕 = 𝑊𝑣𝒙𝒕

𝒌𝒕 = 𝑊𝑘𝒙𝒕

Gated Retention

𝛾𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 𝑊𝛾𝒙𝒕



+ Reflection: gradually forget

𝒙𝒕

H𝑡−1 H𝑡

𝒚𝒕

𝑓B,𝑡

𝑓C,𝑡

Training Inference

𝛾𝑡

……

𝒙𝟏 𝒙𝒊 𝒙𝒕

𝒌𝒕 𝒒𝒕𝒗𝒕𝒌𝟏 𝒒𝟏𝒗𝟏 𝒌𝒊 𝒒𝒊𝒗𝒊

𝛼𝑡,𝑡𝛼𝑡,𝑖𝛼𝑡,1

……

𝛾1 𝛾𝑖

𝛾𝑖+1𝛾𝑖+2 … 𝛾𝑡

𝛾𝑡



More complex Reflection

H𝑡 = 𝐺𝑡 ⊙ H𝑡−1 + 𝒗𝒕𝒌𝒕
𝑇

𝐺𝑡 = 𝒆𝒕𝒔𝒕
𝑇

𝐺𝑡 = 𝟏𝒔𝒕
𝑇

𝟏 =
1
⋮
1

𝟏

𝒔𝒕
𝑇

𝑠𝑡,1

𝑠𝑡,1

𝑠𝑡,1

…
…

𝑠𝑡,2

𝑠𝑡,2

𝑠𝑡,2
……

𝑠𝑡,𝑑

𝑠𝑡,𝑑

𝑠𝑡,𝑑

……
𝑠𝑡,3

𝑠𝑡,3

𝑠𝑡,3

…
… ……

𝒔𝒕
𝑇 = [0 1 0.1  … … ]

0 1 0.1

⊙ H𝑡−1

remove keep reduce



https://arxiv.org/abs/2406.06484



https://arxiv.org/abs/2312.00752

125M to 1.3B



https://arxiv.org/abs/2312.00752



H𝑡 = H𝑡−1 + 𝒗𝒕𝒌𝒕
𝑇

H𝑡 = H𝑡−1 − 𝒗𝒕,𝒐𝒍𝒅𝒌𝒕
𝑇 + 𝒗𝒕𝒌𝒕

𝑇

H𝑡 = H𝑡−1 − 𝛽𝑡 H𝑡−1𝒌𝒕 − 𝒗𝒕 𝒌𝒕
𝑇

H𝑡 = H𝑡−1 𝐼 − 𝛽𝑡𝒌𝒕𝒌𝒕
𝑇 + 𝛽𝑡𝒗𝒕𝒌𝒕

𝑇

H𝑡 = H𝑡−1 − 𝛽𝑡𝒗𝒕,𝒐𝒍𝒅𝒌𝒕
𝑇 + 𝛽𝑡𝒗𝒕𝒌𝒕

𝑇

∇𝐿𝑡 H𝑡−1

𝒗𝒕,𝒐𝒍𝒅 = H𝑡−1𝒌𝒕

DeltaNet

H𝑡 = H𝑡−1 − 𝛽𝑡H𝑡−1𝒌𝒕𝒌𝒕
𝑇 + 𝛽𝑡𝒗𝒕𝒌𝒕

𝑇

𝐿𝑡 𝐻 =
1

2
𝐻𝒌𝒕 − 𝒗𝒕

2

https://arxiv.org/abs/2406.06484

Titans: Learning to Memorize at Test Time https://arxiv.org/abs/2501.00663

Update 𝐻 s.t. info. retreived using 𝒌𝒕 is close to 𝒗𝒕

Parameter 
after update

before
update

learning 
rate

gradient

Gradient 
Descent

Gradient Descent, with different 𝐿𝑡



https://arxiv.org/abs/2408.01129

Minimax-01
https://arxiv.org/abs/2501.08313



https://arxiv.org/abs/2410.10629



MambaOut: Do We Really Need Mamba for Vision?
https://arxiv.org/abs/2405.07992



Do not train from scratch 

Low-rank Linear Conversion via Attention Transfer 
(LoLCATs), https://arxiv.org/abs/2410.10254
The Mamba in the Llama, 
https://arxiv.org/abs/2408.15237
Transformers to SSMs, 
https://arxiv.org/abs/2408.10189
Linger, https://arxiv.org/abs/2503.01496

Self-attention Layer Mamba or its friends



https://www.isattentionallyouneed.com/



https://www.isattentionallyouneed.com/



Questions?
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