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Albert Gu @_albertgu - 202312 H5H

< Quadratic attention has been indispensable for information-dense
modalities such as language... until now.

Announcing Mamba: a new SSM arch. that has linear-time scaling, ultra

a@ﬁ long context, and most importantly--outperforms Transformers
% \\)\aﬂ'\b . everywhere we've tried.
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Background

* Foundation models

* Large models pretrained on massive data then adapted for
downstream tasks

* Backbone : sequence models
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Self-Attention
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Multi-Head Self-Attention

Multi-Head Attention X

Linear . . :
Calculating attention separately in

eight different attention heads
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Multi-Head Self-Attention

Multi-Head Attention

2) Multiply with a weight
matrix that was trained

: jointly with the model
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Multi-Head Self-Attention

Multi-Head Attention

Linear

[Concat = { } I i l

3) The result would be the = matrix that captures information
from all the attention heads. We can send this forward to the FFNN
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Multi-Head Self-Attention

Multi-Head Attention

Linear

[Concat = ’ I l I |

3) The result would be the = matrix that captures information
from all the attention heads. We can send this forward to the FFNN

Scaled Dot-Product

_ n ‘Multi-head attention allows the model to jointly attend to
Attention

information from different representation subspaces at
different positions. With a single attention head, averaging
inhibits this.

\/
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Advantages of Transformer

* Enhanced Parallelization Capabilities
* Capturing Long-Distance Dependencies

* Dynamic Weight Allocation

27



Disadvantages of Transformer

 Computational Efficiency Issues
e Quadratic Time Complexity
* High Memory Consumption

* Limited Capability with Long Sequences
* Limited Effective Resolution Window
e Extended Training Times

* Overparameterization

28
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Efficiently Modeling Long Sequences with Structured State Spaces

Albert Gu, Karan Goel, and Christopher Ré
Department of Computer Science, Stanford University

{albertgu,krng}@stanford.edu, chrismre@cs.stanford.edu

Maarten Grootendorst {A Visual Guide to Mamba and State Space Models)
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* SSM

Input
(sequence)
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e« SSM
Input Output
(sequence) SSM (sequence)
state equation

h'(t) = Ah(t) + Bx(t)

,\J output equation — r\/

y(t) = Ch(t) + Dx(t)
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* SSM
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e 54
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HiPPO: Recurrent Memory with
Optimal Polynomial Projections

Albert Gu*', Tri Dao*, Stefano Ermon ', Atri Rudra !, Christopher Ré
T Department of Computer Science, Stanford University
! Department of Computer Science and Engineering, University at Buffalo, SUNY
{albertgu,trid}@stanford.edu, ermon@cs.stanford.edu, atri@buffalo.edu, chrismre@cs.stanford.edu
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Continuous
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e Selection Mechanism
 Hardware-aware Algorithm

e Simpler SSM Architecture
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Disadvantages of Previous Works

* Transformer——long context

* RNN——forget far context

* S4——fixed A, B, C

! My name is Maarten
- )om= ) (e ) (—— (——
/Kcomp eeeeeee iew7\
(hidden state )
Hello ! My name is
1 2 3 4

independent
X_B
I

different same
inputs  Matrix B

o
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e Selection Mechanism

Algorithm 1 SSM (S4) Algorithm 2 SSM + Selection (S6)
Input: x : (B,L,D) Input: x : (B,L,D)
Output: y : (B,L,D) Output: y : (B,L,D)
1: A : (D,N) « Parameter 1: A : (D,N) « Parameter
> Represents structured N X N matrix > Represents structured N X N matrix
2: B : (D,N) « Parameter 2: B: (B,L,N) « sz(x)
3: C : (D,N) « Parameter 3: C : (B,L,N) « s.(x)
4: A : (D) « t,(Parameter) 4: A : (B,L,D) « t (Parameter+s,(x))
5: Z,E : (D,N) « discretize(A, A, B) 5: Z,E : (B,L,D,N) « discretize(A, A, B)
6: y < SSM(A, B,C)(x) 6: y « SSM(A, B,C)(x)
> Time-invariant: recurrence or convolution > Time-varying: recurrence (scan) only
7: returny 7: returny
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e Selection Mechanism

name IS Maarten
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* Hardware-aware Algorithm

B B B B

Sequential computation O(n)
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* Hardware-aware Algorithm

SNGNG

-------------------------------------------------------------------------------
[}

+ BX; Bx + Bx,
A A
A
A

1
.................................................................................

Parallel computation O(n/t)

H1 ZA'HO +BX1
H, =A - H, + BX,
=A-

AH, + BX)) + BX;

Sweep -down H3 = A H, + BX;

A-(A-H, + BX,) + BX;
A-(A- (AHy + BX,) + BX;) + BX;

. Sweep-up
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* Hardware-aware Algorithm (2)

copy copy copy COPY <+—— gjow!
DRAM SRAM DRAM SRAM DRAM

Initial tensors —» Calculation 1T —» Write results —» Calculation 2 —» Write results

copy Copy

Y AR

DRAM SRAM SRAM DRAM

Initial tensors —»;Calculation 1—» Calculation 2;—» Write results

kernel fusion
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* Hardware-aware Algorithm (2)

Keep state in
fast SRAM

4

A
|

Keep track of parameters
in DRAM
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* Hardware-aware Algorithm (2)
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Experiments

Table 3: (Zero-shot Evaluations.) Best results for each size in bold. We compare against open source LMs with various tokenizers,
trained for up to 300B tokens. Pile refers to the validation split, comparing only against models trained on the same dataset and
tokenizer (GPT-NeoX-20B). For each model size, Mamba is best-in-class on every single evaluation result, and generally matches
baselines at twice the model size.

Model Token. Pile LAMBADA LAMBADA HellaSwag PIQA Arc-E Arc-C  WinoGrande Average
ppll ppll acc T acc T acct acct acct acct acc T
Hybrid H3-130M  GPT2 — 89.48 25.77 31.7 64.2 44.4 242 50.6 40.1
Pythia-160M NeoX 29.64 38.10 33.0 30.2 61.4 43.2 241 51.9 40.6
Mamba-130M NeoX 10.56 16.07 44.3 353 64.5 48.0 243 51.9 44.7
Hybrid H3-360M  GPT2 — 12.58 48.0 41.5 68.1 514 24.7 54.1 48.0
Pythia-410M NeoX 9.95 10.84 51.4 40.6 66.9 52.1 24.6 53.8 48.2
Mamba-370M NeoX 8.28 8.14 55.6 46.5 69.5 55.1 28.0 55.3 50.0
Pythia-1B NeoX 7.82 7.92 56.1 47.2 70.7 57.0 271 53.5 51.9
Mamba-790M NeoX 7.33 6.02 62.7 55.1 72.1 61.2 29.5 56.1 571
GPT-Neo 1.3B GPT2 — 7.50 57.2 48.9 71.1 56.2 259 54.9 524
Hybrid H3-1.3B GPT2 — 11.25 49.6 52.6 71.3 59.2 281 56.9 53.0
OPT-1.3B OPT — 6.64 58.0 53.7 72.4 56.7 29.6 59.5 55.0
Pythia-1.4B NeoX 7.51 6.08 61.7 52.1 71.0 60.5 28.5 57.2 55.2
RWKV-1.5B NeoX 7.70 7.04 56.4 52.5 72.4 60.5 294 54.6 54.3
Mamba-1.4B NeoX 6.80 5.04 64.9 59.1 74.2 65.5 32.8 61.5 59.7
GPT-Neo 2.7B GPT2 —_ 5.63 62.2 55.8 72.1 61.1 30.2 57.6 56.5
Hybrid H3-2.7B GPT2 — 7.92 55.7 59.7 73.3 65.6 323 61.4 58.0
OPT-2.7B OPT — 5.12 63.6 60.6 74.8 60.8 31.3 61.0 58.7
Pythia-2.8B NeoX 6.73 5.04 64.7 59.3 74.0 64.1 329 59.7 59.1
RWKV-3B NeoX 7.00 5.24 63.9 59.6 73.7 67.8 331 59.6 59.6
Mamba-2.8B NeoX 6.22 4.23 69.2 66.1 75.2 69.7 36.3 63.5 63.3
GPT-J-6B GPT2 - 4.10 68.3 66.3 75.4 67.0 36.6 64.1 63.0
OPT-6.7B OPT - 4.25 67.7 67.2 76.3 65.6 34.9 65.5 62.9
Pythia-6.9B NeoX 6.51 4.45 67.1 64.0 75.2 67.3 35.5 61.3 61.7

RWKV-7.4B NeoX 6.31 4.38 67.2 65.5 76.1 67.8 37.5 61.0 62.5




Experiments

Task: Extract all nouns

Cats love

noun verb

playing with

Model Arch. Layer  Acc.
S4 No gate S4 18.3
- No gate S6 97.0
H3 H3 S4 57.0
Hyena H3 Hyena 30.1
- H3 S6 99.7

Mamba S4 56.4
- Mamba Hyena 284
Mamba Mamba S6 99.8

Table 1: (Selective Copying.)

Input

verb

Accuracy for combinations of architectures

and inner sequence layers.

Prep.

yarn

noun

Selective
Copying

Output

Cats

yarn
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Experiments

Input Output

Task: Answer “C:” with “A”

Q What is 1 + 1 ?
Example
A 2
Induction
. Heads
Pompt Q : What is 2 + 2 ? A
Induction Heads Extrapolation
1.0 -
0.8 - i == MHA-Absolute
| —— MHA-RoPE
2 0.6 - | MHA-xPos
E ) i — H3
E i ==se= Hyena
& 0.4 i = Mamba
i = Random
0.2 I N P Train Length
0.0 - |
rrrrry L] ] L) Frrrng I I L) rrrrr] L) I I rrrrry L) L) L] Frrrry
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Experiments

Time (ms)

Scan vs Convolution vs Attention time (A100 80GB PCle)

= FlashAttention-2
«=== Convolution
== Scan (PyTorch)
= Scan (ours)
¥ O0OM

T T T T T T T T T T T
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Sequence length

Throughput (tokens / s)

Inference throughput on A100 80GB (prompt length 2048)

-
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Experiments

Table 6: (Ablations: Architecture and SSM layer.) The Mamba block performs similarly to H3 while being simpler. In the
inner layer, there is little difference among different parameterizations of LTI models, while selective SSMs (S6) provide a large
improvement. More specifically, the S4 (real) variant is S4D-Real and the S4 (complex) variant is S4D-Lin.

Model Arch. SSM Layer Perplexity Model  Arch. SSM Layer Perplexity

Hyena H3 Hyena 10.24 - Mamba Hyena 10.75
H3 H3 S4 (complex) 10.30 - Mamba S4 (complex) 10.54
- H3 S4 (real) 10.34 - Mamba S4 (real) 10.56

- H3 S6 8.95 Mamba Mamba Sé6 8.69




Why Rejected by ICLR24

* Need comparison with H3

Model Lambada HellaSwag PIQA Arc-E
Hybrid H3-130M 25.8 31.7 64.2 444
Mamba-130M 44.2 35.2 64.5 48.0
Hybrid H3-360M 48.0 41.5 68.1 514
Mamba-370M 55.6 46.5 69.5 55.1
Hybrid H3-1.3B 49.6 52.6 71.3 59.2
Mamba-1.4B 65.0 59.1 74.2 65.5
Hybrid H3-2.7B  55.7 59.7 73.3 65.6
Mamba-2.8B 69.2 66.1 75.2 69.7

Arc-C
24.2
24.2
24.7
28.0
28.1
32.8
32.3
36.3

WinoGrande Avg

50.6
52.3
54.1
55.3
56.9
61.5
61.4
63.5

40.2
44.7
48.0
51.7
53.0
59.7
58.0
63.3
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Why Rejected by ICLR24

* Scaling beyond 1.4B, vs Transformer 10B

Model

GPT-Neo 2.7B
Hybrid H3-2.7B
OPT-2.7B
Pythia-2.8B
RWKV-3B
Mamba-2.8B
OPT-6.7B
Pythia-6.9B

RWKV-7.4B

Lambada HellaSwag PIQA Arc-E

62.2
95,7
63.6
64.7
63.9
69.2
67.7
67.1

67.2

55.8
09,/
60.6
59.3
59.6
66.1
67.2
64.0

65.5

72.1
133
74.8
74.0
13.7
192
76.3
75.2

76.1

61.1
65.6
60.8
64.1
67.8
69.7
65.6
67.3

67.8

Arc-C
30.2
32.3
31.3
32.9
33.1
36.3
34.9
35.5

37.5

WinoGrande Avg

57.6
61.4
61.0
59.7
59.6
63.5
65.5
61.3

61.0

56.5
58.0
58.7
59.1
59.6
63.3
62.9
61.7

62.5

67



Why Rejected by ICLR24

* Beyond Training Length

Loss

Mean loss for each token position - models trained with 2K context

{4 - Mamba 2.8B

~——— Pythia 2.8B

0 1000 2000 3000 4000
Token position
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Conclusions

* Selection Mechanism
* Hardware-aware Algorithm

e Simpler SSM Architecture
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Thank You !



