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Introduction

Mamba is successful in various areas ]EL U él&

Xt E : C, Vi
However, unlike Transformer, it still lacks parameter- Ll T o
efficient fine-tuning(PEFT) methods to adapt the large
pre-trained model to diverse tasks. Mamba

A model that consist of the strengths of
PEFT is crucial for Mamba ecosystem state space models (SSM) / RNNs and Transformers.

» Efficient like SSMs / RNNs
Our contribution « The computational cost scales linearly with
sequence length, not quadratic.

* Investigate the feasibility of existing PEFT methods - High accuracy like Transformers

for Mamba « The proposed selective scan works similarly
to Attention.

* Re-design and propose PEFT methods specific to Mamba
with extensive experimentation

* Further performance improvements with HybridPEFT, in which the optimal
combination of multiple PEFT methods and their hyper-parameters are searched



Overview

Investigate, improve, and propose

20 variations of 7 PEFT methods

Partial tuning - Update selected params
A, D, causal_convild, cls_embed, bias, ...

Additive method - Add parameters
Prompt-tuning, Adapter,
Affix-tuning, Additional-scan «— New Mamba-specific PEFT

Reparameterization method
LoRA
Where to tune? (in_proj, out_proj, ... )
LoRAp (partial-LORA)
Investigate more finely about where to tune
Apply LoRA on the partial weight with respect to outputs

(X,Z,B,C, ...)

A

M

]
kd

Paraﬂemdapferg & Linear,,; pqo; J
+

i
-+

—
ﬁsm [ Selective Scan }‘A%

2 ¥ %
¢

g Lineary oo ]

o oojolio

\ =4 Lineaillrx oo H /

[ Causal Convid ] LH_Z
- > I

Affix-tuning H H X

\

\ [ Rms}m |

O Paranin *m-[aaﬂ;ﬂﬂn]

Additive method

)

7 E Embedding Layer
I\ LoRA module

CLS token Input

x N



Proposed PEFT methods specific to Mamba

Affix-tuning and Additional-scan

(a) Prefix-tuning (b) Affix-tuning for Mamba (c) Additional-scan for Mamba
for Transformer Y : I A
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Affix-tuning Additional-scan
Insert tokens at arbitrary position Add learnable dimensions to the hidden state in SSM
before SSM and discard after output



Evaluation and Findings

Vtab-1K (vision, 1K training data) § Commonsense (language, 170K training data)

Model  Method #Params (K) Avg. Model Method #Params(%) | Avg.
Scratch 21,704 26.20 Pyihia 160M POl 100 42.0
Full 21,704 53.47 s LoRA 0.72 41.6 (1) Mamba benefits from PEFT
Linear Probing 9 5174 T T oo =71 I (1) R O €
ViT-S ~FacToTK™ ~~ ~~ ~ 7 7 77 16 66.96 st i) (LTI 1 45 427 more than Transformers
LoRA 628 68.68 FEEEES Additional-scan 0.51 42.7 1 . ;
Adaptformer 333 68.97 Affix-tuning (w/o proj) 0.17 40.6 arger Improvement rnom
o ppodhc. o Affix-tuning 6464 | 432 full fine-tuning
Adapiter 122 o= LoRA (in_proj) 223 428
Scratch 25,450 25.42 LoRA,(X) 2.67 43.7 . . .
Full 25.450 47.08 > 0 -5 (2) LoRA(X) is effective with
_LinearProbing 9 5275  Pythial4B  p, 044 |s505 limited data
_ Convld-tuning 156 69.09 """ " 7T 7 77 Ful" ™"~~~ """~ 100"~ "[530 - i X
grompt—tuning (w/o proj) 3(1)3 gg;z SLL LoRA 4.64 52.7 (3) Additional-scan is effective
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_ ParallelAdapter 663 70.96 i 136 | 537 (4) uning is effective fo
LoRA (out_proj) 2,663 71.12 large Mamba models
LoRA(in_proj) 1,483 71.25
i %Io_lééczf_((ﬁé)/_ 5 - T ;;—32 %_(5)% (5) Performance improvements
ybrid (w/ proj . X . .
Hybrid (w/o proj) 1,044 71.80 with HybridPEFT




Evaluation and Findings

(6) We should choose a suitable
PEFT method depending on the
computational budget
No method is always superior
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(7) PEFT for Mamba can be improved by adding
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More findings and experiments can be found in the paper
Unlike Transformer, LORA is better applied to a specific module.

more parameters
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Simply combining high performance PEFTs to create a hybrid PEFT
will degrade performance.




Conclusion

Conclusion

* Investigate the feasibility of existing PEFT methods for Mamba
« Re-design and propose PEFT methods specific to Mamba with extensive experimentation

« Further performance improvements with HybridPEFT, in which the optimal combination of multiple
PEFT methods and their hyper-parameters are searched

Future Direction

« Based on our findings regarding the optimal tuning locations and the
optimal number of parameters, future works can focus on the
application or algorithm of the PEFT for Mamba.

The code is open sourced!
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