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Preamble: MoE

= Motivation

- LM eraZ2 O =HA 22 37|17 S Q67 A|H
- E£Z2 ZFE budgetd] CHsll O & ZR2 O B2 ARA SSAE = JACHH ZE2 A

= Brief history

- 19910l X2 2 Adaptive Mixture of Local Experts2t= =20 A CtE

- 2010-2015A0] & 74l A7t F7pH el 7d0) e FAS

- Experts as components: MoEs as components of deeper networks (0| 0| = MoEZ} X
NES=)

- Conditional computation: dynamicdtA| input tokenOl [t2kA componentsE 24 3}/H|2Hd 35}
2dXE 238

- Shazeer’s exploration of MoEs: computationg &2[XA| R0 E AHYZ =EAI7]7] 2t
O}O|C|O0{ 2 conditional computationO|2t= OO|C|0{ 7} A&t A S
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Preamble: MoE

= Mixture-of-Experts (MoE) — Sparse model (org model: dense model)
(1) Experts
- FFN layers CHA| —sparse MoE layers

- Expert n7ff ‘4 - (ot

(independent feed-forward network) 500, [0

- Z0{ Tl 20| Tl HBHS Top-k
expert= sparsely activate -

(2) Gating Network
- FO{T LS ME2|5k= O 71 Mot experta ME A AU EZ expertdf| ©H
- Softmax activation function & - probability distribution
> Z expertZt AT inputOf| CHSf HOrLE & Mg = A=K|E =EZ LIEHH
- MEHEl experts2 5 H ¥2 outputOf CHSH weight combination

- final learned representation of a token
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Preamble: MoE

= Pros
- Pretraining A|

more compute-efficient pretraining)

oOAS [
- dense REIELC} 25t H&s
S A= L L = - A
- H|==ot Oi2f0[H4=F XL = Z2O0|2f H| WM tE inference £
&
8 75% method .‘
8 ® Dense ‘ - .&.
I N
= ® Base (J
g " @ Large ...
S 73%1 @ XL -
g 72% o 000 Large
=
© o
= 70% N
< a'®
: 68% Ho- 2o 9000 Base
= 10! 102 103
Extra Pretraining Time (TPU-core-days)
= Cons

- =2 VRAM2 87 (B E experts?t 22|00 ZEX|7| I 2)

- Fine-tuning A0 2 2It2 2X| 28 (28] dense 2HHCL O H2 M5 &)

- SYY| B2 tuning 7‘* =F: routing strategy, auxiliary loss(load balancmg) expert dropout,
expert number &
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. Introduction

- LLMO| AIO|=, computational requirements XS
- Scalable technique 7{ 0] CHSH =2

> MoEl| S% (sparsely activated mannerg &%t =t Tt2t0[H CHH| ZX WE =2 &)

- PretrainingO| M= 230 3

- 2L} Y8t fine-tuning =& Al0l= 22 computational costOll LS A = dense model 2Lt
ds otEe| d&d
(# 2l 1) hyperparameterdi| CHot RIZHE — =7} tuning 224

(22l 2) activated expertsZt 2| - £ downstream taskOl CH3H & Al overfitting 24l —

generalization & X5}
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. Introduction

= In this paper,

- MoE meets instruction tuning

0ot

- MoE 2 20f| CH3Y instruction tuning Al dense modeldt H{ w5t o5 kA
- zero-shot, few-shot setting ZF0A H& &4

- 702 downstream & multi-taskOl| CHSHAM = M5 SFA

- Unique amalgamation: FLAN-MoE

- Instruction tuning A| MoEE 2-&35t= 0| CHot extensive analysis =
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II. Method

= Model architecture
- Feed-forward component = MoE layer= CHA
> expert 4-d; Tt2t0|E| == FFN x # expert2 =O0{L}X| 2} sparsely activate —
limiting computation
- Gating function = softmax function & (probability distribution ‘4-d)
- Routing ™ 2F > EZ0OLCt Top-2712| expertE dynamically A Ef

- X|E MEHEl representationE 2 weighted combination

= Instruction fine-tuning recipe

- Instruction tuning dataset: FLAN collective dataset

- 2= O2t0|E = update
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lll. Experiment

= Controlled study across scales

- Flan-MoE vs Flan-T5

Arch: @ small @ base @ lree @ A4 @ 1 Type: @ Flan-T5 W Flan-MoE

MMLU-Direct 0Shot BBH-Direct 0Shot
45
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GFlops Per Token Prediction GFlops Per Token Prediction

Figure 2: Average zero performance of FLAN-MOE models versus FLAN-T5 dense models for
similar effective FLOPs per token over the 57 MMLU tasks and 23 BBH tasks.

- ScaleO| HELE N5 B4 B

oo O
- FLOPs 9A| &7t

0ot
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lll. Experiment

= Controlled study across scales

- Expert 0| & &5 Bt

. 40 ot | B
( e
5 £ % : g4 T
32 | & A = 3
: 32 /—-/_4 i 36 = _’__/_-J ,—é 34 E 5
= e 3 j B R "
i o S ::, U o z,; {' B Flan-MoE-Switch ::J s ] FIJn-?-h‘.—E-Stutch
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Figure 4: Average few-shot performance of FLAN-MOE models over the 57 MMLU tasks and 23
BBH tasks. (Different color represents different dense model sizes.)
F

- Small, base model 25 expert =7t 50L& d& F7I5t= &

- S A|Of| FLOPs 9A| =7}

0ot
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lll. Experiment

= Routing strategy
- routing: overfittingS 2t B & 9| capacityS X2 &&317| {8 01 T8
- H Aot balance= expertZ HEHE|O{OF B2 £ 2tH
- 274X routing 7 2f:
(1) Switch Transformer Top-1 token-choice gating (Flan-Switch)
- Token select the top-k experts
(2) Gshard Top-2 token-choice gating (Flan-GS)
(3) Expert choice Top-2 gating (Flan-EC)
> Expert select the top-k tokens
(4) ST-MoE token-choice Top-2 gating + auxiliary loss (load balancing) (Flan-ST)

Mixture-of-Experts Meets Instruction Tuning: A Winning Combination for Large Language Models
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lll. Experiment

= Routing strategy

FLOPs Total MMLU BBH Reasoning QA

. per token #Params Direct CoT Direct CoT CoT Direct  Norm. Avg.

Switchg,se 03G 358 283 136 01 14 52 35.8 202

FLAN-Switchy,s; 03G 3.5B 380 342 332 294 186 580 368 (+16.6)

Switchiasce 1.0G 26B 240 231 02 72 12.4 337 17.7

FLAN-Switch yee ~ 1.0G 26B 461 403 363 280 253 66.5 435 (+25.8) - FLAN-EC > FLAN-GS
Switchyy, 13.9G 395B 246 151 00 6.7 9.2 32.5 17.8

FLAN-Switchyx, 13.9G 395B 556 501 479 435 466 788 542 (+36.4)
GSsyars 0.06G 0.3B 229 00 02 08 0.8 24.1 16.7 -2 ex pe rt choice”/ |' token
FLAN-GS gy 0.06G 0.3B 326 269 296 209 161 489 318 (+15.1) : N =

choice 2Lt = (—L.ET'_— off
GSurse 03G 3B 250 159 00 48 38 26.8 17.6
FLAN-GSy s 0.3G 13B 399 336 337 251 220 579 383 (+20.7) h2f A ap AHO| )
GSuaxce 1.0G 92B 264 128 02 143 130 31.9 19.2
FLAN-GS, sz 1.0G 92B 478 408 350 292 276 69.5  44.5(+25.3) o
GSy. 03.6G 174B 257 100 00 00 10.4 35.0 18.7 - expert load balancin g=
FLAN-GSy, 3.6G 174B 511 423 401 314 343 739  48.7 (+30.0) = L& L
F7Fet FLAN-ST2f=

ECspias 0.06G 038 253 12 01 23 0.8 36.0 18.1 L o

FLAN-ECayurs 0.06G 0.3B 341 251 292 221 16.6 581  33.1(+15.0) O | O | of M= X|—

L O O

ECunse 03G 3B 250 259 00 14 14.3 35.7 18.5

FLAN-ECase 03G 13B 427 330 340 267 = 222 6.5 403 (+218)

ECLaxce 1.0G 92B 234 126 00 86 6.7 40.1 17.3

FLAN-ECiarce 1.0G 92B 483 445 379 320 322 731 464 (+29.1)

ECy. 3.6G 174B 267 110 00 19 12.4 342 19.4

FLAN-ECx: 3.6G 174B 521 414 403 332 381 743 49.4 (+30.0)

STause 03G 138 252 177 00 140 126 25.7 18.1

FLAN-STy 50 03G 13B 424 355 349 264 225 6.5 404 (+218)

STam 32.1G 259B 255 151 00 55 9.8 32.1 18.4

FLAN-ST325 32.1G 259B 654 630 544 474 663 639  63.6(+45.2)
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lll. Experiment

= Scaling up FLAN-MoE

Model FLOPs Total MMLU BBH Reasoning QA Norm. Ay
per token #Params Direct CoT Direct CoT CoT Direct - AVE
TS5smaLL 0.06G 80M 26.7 7.2 26.7 5.6 10.3 33.8 26.3
FLAN-TSsyare 0.06G 80M 287 121 29.1 19.2 15.0 40.9 28.7 (+2.4)
TSaase 0.3G 250M 257 141 277 146 14.7 353 26.2
FLAN-T5g4se 0.3G 250M 356 333 303 268 16.4 48.8 33.9 (+7.7)
T5LarcE 1.0G 780M 25.1 153 277 162 11.9 36.4 25.7
FLAN-T5¢arce 1.0G 780M 447 389 347 285 22.2 64.6 420 (+16.3)
T5x. 3.6G 3B 253 141 274 193 14.2 38.2 259
FLAN-T5x. 3.6G 3B 503 46.1 402 359 339 74.1  48.0(+22.1)
THxxe. 13.9G 11B 26.1 19.1 295 193 21.4 474 27.7
FLAN-T5xx.. 13.9G 11B 526 479 456 416 46.3 804  51.7(+24.0)
PaLM 12.6G 8B 243 241 308 30.1 24.9 47.6 27.1
FLAN-PaLM 12.6G 8B 493 413 364 31.1 36.9 75.1 475 (+204)
PalLM 91.6G 62B 55.1 490 374 430 50.6 70.4 51.0
FLAN-PaLM 91.6G 62B 596 569 475 449 59.7 85.3 57.6 (+6.6)
PalLM 847G 540B 713 629 49.1 637 72.6 86.0 66.2
FLAN-PaLM 847G 540B 735 709 579 66.3 76.5 89.9 70.3 (+4.1)
STaase 0.3G 1.3B 252 177 0.0 14.0 12.6 25.7 18.1
FLAN-STgse 0.3G 1.3B 424 355 349 264 22.5 61.5 404 (+21.8)
STim 32.1G 259B 25.5 15.1 0.0 55 9.8 32.1 18.4
FLAN-ST32p 32.1G 259B 654 630 544 474 66.3 639 63.6(+45.2)

Flan-PaLM62B vs Flan-ST32B
Flan-ST 7t & 22t 85
Flan-PaLM < <F 3Hj I"EOI
computatlonal resources I:‘I

7|%

Total params= &
AH2t= FLOPs&= &9
==
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IV. Discussion

= Auxiliary loss

= o S o L& =
- £ expertt] X|2X|X| RAEE SO ZMN expertl] X[AS CIAZSIEE FHTAIZ >
generalization ability &4 =2
Finetuning MMLU BBH GSMSK Av Finetuning MMLU BBH GSMSK ey
Strategy | Direct Direct  CoT & Strategy | Direct Direct CoT &
Baselineg sn.gc,,,, | 400 332 6.6 37.7 Baselinepiax-st,,,, | 40.1 333 6.4 37.8
Freeze-Gateg, sx.kc,,,, 40.2 33.9 6.6 38.0 Freeze-Gateg, yx.s71,,., 40.6 335 6.4 38.2
Freeze-Expertppan-EC, 383 32.5 54 Freeze-Expertg an.sTy. 39.6 329 4.5
Ml LS I aASh 1 . BASE
Z’IOSSFLAN-EC““, 38.9 32.8 5.7 36.8 Z-lOSSFLAN.sT““‘ 40.6
Balance-lossg; an.Ec,,., 40.8 334 7.1 38.3 Balance-10sSgp an.sT, .0 38.8

Taple Z: Ablations on dirrerent ﬁnetumng sﬁategles ol FLAN-ECgasg Al

BASE-

FLAN-EC - Z-loss < Balance-loss
FLAN-ST = Z-loss > Balance-loss

279[5 loss AN E 2X| = A0l 50| &f7|= &
AMEot= 23 S M E0| Ml 7HHY
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IV. Discussion

= Expert/Gating Freeze
- model parameter?| Y20t AH0IE

-> ST-MoE 220 A|= generalization performance?t A E|ASS EO0|7| = &

Finetuning MMLU BBH GSMSK Ay Finetuning MMLU BBH GSMSK Ay
Strategy | Direct Direct  CoT & Strategy | Direct Direct CoT &
Baselineg; s pc 40.0 33.2 6.6 37.7 Baselineg; ax. : 40.1 33.3 6.4 37.8
Freeze-Gateg, ax-kc,, ., ; . . . Freeze-Gateg, yx.s7,,.,
Freeze-Expertppan-EC, ; : . ; Freeze-Expertg an.sTy.
Freeze-MoEg; an-ECy,in i A - . Freeze-MoEg ax.5T,..0
Z'IOSSFL.\N-ECM" 38.9 32.8 5.7 36.8 Z'IOSSFL.‘\N-ST“,., 40.6 334 6.5 38.1
Balance-lossg, ax.kc,.., 40.8 334 7.1 38.3 Balance-losSgpan.sT,... 38.8 31.3 3.6 36.2

Table 2: Ablations on different finetuning strategies of FLAN-ECy .5z and FLAN-STy k.

- Router, expert, MoE 222 ZtZ freezeA| A& (LIHX|= YHO|E)
> expert, MoE 222 freeze : ‘95 X5}
> gate freeze : 0|03 d& T4

= Hyperparameter sensitivity: &2 H{X|, &2 learning rate0j| A &t&50| QHI A

Mixture-of-Experts Meets Instruction Tuning: A Winning Combination for Large Language Models
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IV. Discussion

= Fine-tuning vs Instruction tuning
- single task%| CHSt fine-tuning &
- T5 > FT, MoE > FT, Flan-T5 > FT (T5 > IT > FT), FLAN-MoE = FT (MoE > IT > FT)

- T5 = FT, Flan-T5 > FT XtO| < MoE > FT, Flan- MoE < FT X}O|

Held-Out Eval Held-Out Eval
90 90 13.7
+16.4 +6.6

80 +12.0 80
= = +19.6
o i - +13.4+19.4
8 +12.7+17.8 8 $22.3 422
g 70 +78 7132 570 72
= +14.9 =
‘™ ©
@ 60 s & 60

50 50

CondaQA CxC PubmedQA SearchQA CondaQA CxC PubmedQA SearchQA

(b) FLAN‘ECLARGE V.S. FLAN'TSLARGE
Flan-MoE = FT

(a) FLAN'ECB,\SE V.S. FLAN'TSBASE

Flan-T5 = FT MoE = FT

T5-FT

Figure 6: FLAN-MOE Outperforms MoE on Single-Task Finetuning. We compare single-task
finetuned MoE, single-task finetuned FLAN-MOE, and dense counterparts. The performance gap
between FLAN-MOE and MoE is noticeably larger than that between FLAN-TS5 and T5.
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IV. Discussion

Switchgase 0.1 1.4 20.2
FLAN-Switchg,se 332 294 36.8 (+16.6)

Switchparce . 0.2 72 17.7
FLAN-Switchy szce . . . 363  28.0 43.5 (+25.8)

FLOPs Total MMLU BBH Reasoning QA
per token #Params Direct CoT Direct CoT CoT Direct

Theuns 0.06G 80M 267 12 267 56 10.3 33.8 26.3
FLAN-T5sy0s 0.06G 80M 287 121 291 192 15.0 4090 287 (+2.4) GSsmars 0.2 0.8 16.7
FLAN-GSsyait 296 209 31.8 (+15.1)

Model Norm. Avg. Switchyyx. 0.0 6.7 17.8

FLAN-Switchyy, 479 435 54.2 (+36.4)

Thaase 0.3G 250M 257 141 277 146 14.7 35.3 26.2
FLAN-T5gse 0.3G 250M 356 333 303 16.4 4880 33.9(+7.7) GSpase 0.0 4.8 17.6
FLAN-GSjse 337  25.1 38.3 (+20.7)
T5earce 1.0G 780M 251 153 277 . 11.9 36.4 25.7
FLAN-T50arce 1.0G 780M 447 389 347 . 222 64.6 | 42.0(+16.3) GSvarce X 0.2 14.3 19.2
FLAN-GS, xrce X . 350 292 44.5 (+25.3)
Thx 3.6G 3B 253 141 274 . 14.2 382 259
FLAN-T5x. 3.6G 3B 503  46.1 402 X 33.9 74.1 0 48.0(+22.1) GSy. 0.0 0.0 18.7
FLAN-GSy, X . . 40.1 314 . . 48.7 (+30.0)

THxx 13.9G 11B 26.1 19.1 295 . 21.4 474 277

FLAN-T5xx.. 13.9G 11B 526 479 456 . 46.3 804§ 51.7(+24.0) ECsmaw 0.1 23 18.1
FLAN-ECsyare 292 221 33.1 (+15.0)

PaLM 12.6G 8B 243 241 308 . 24.9 47.6 27.1
FLAN-PaLM 12.6G 8B 493 413 364 . 36.9 75.1 4 47.5(+204) EChase 0.0 1.4 18.5

FLAN-ECj,se 340 267 40.3 (+21.8)
PaLM 91.6G 551 490 374 . 50.6 70.4 51.0
FLAN-PaLM 91.6G 62B 596 569 475 . 59.7 853 57.6 (+6.6) ECuarce K 0.0 8.6 . 17.3

FLAN-ECuarce R . . . 379 320 . . 46.4 (+29.1)
PaLM 847G 713 629 49.1 . 72.6 86.0 66.2

FLAN-PaLM 847G 735 709 579 . 76.5 89.9 70.3 (+4.1) ECy. 0.0 1.9 19.4
FLAN-ECx. 403 332 49.4 (+30.0)

STBASE 0-0 14.0 18.1
FLAN-STyase . . 349 264 . 40.4 (+21.8)

STizs 0.0 5.5 18.4
FLAN-ST32p 544 474 63.6 (+45.2)

Figure 6: FLAN-MOE Outperforms MoE on Single-Task Finetuning. We compare single-task
finetuned MoE, single-task finetuned FLAN-MOE, and dense counterparts. The performance gap
between FLAN-MOE and MoE is noticeably larger than that between FLAN-TS5 and T5.
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IV. Discussion

= Fine-tuning vs Instruction tuning

ML=
- task 0| [ E d& B3t
Held-Out Eval Held-Out Eval

90 90
& 80 = 80
¢ . 8
s ‘ +14.4 +15.0 +156 = +13.0 +13.3 +13.6 +13.9
g0 +13.2 a0 7 +102 g0 +102 3.0
- +6.6 =
5 E
w w
e 60 w0 60
> +0.2 >
< <

71
50 50
0 9 89 282 682 1,836 0 16 32 64 128

# Tasks for Instruction-Finetuning

T5=FT

Flan-TS5=>FT

MoE - FT

# Experts for Flan-MoE

Flan-MoE = FT

Figure 1: The effect of instruction tuning on MOE models versus dense counterparts for base-size
models (same flops across all models in this figure). We perform single-task finetuning for each
model on held-out benchmarks. Compared to dense models, MoE models benefit more from
instruction-tuning, and are more sensitive to the number of instruction-tuning tasks. Overall,
the performance of MoE models scales better with respect to the number of tasks, than the number of

experts.

Task =7t s0{Ed+E MoE=
G| beneficial
NE expert =0| 2d3tE| A2

ol = Al

noised B1Z+, unseen taskOj
CHot LHtot 53 ot

Instruction tuning% Soff Ot
°|' taska = —| = A|
2EO0FZ2EM 50| HESH
L
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V. Conclusion
= Flan-MoE X|¢t
= MoE 20 HIZ FT =& < MoE 220 instruction tuning =& = FT T
= Task’| 25, 2 AO|=TF 2+5 Mokl FE
= [Instruction tuning= &0l expertOtCte| MEd 7t taskE 2H3tE[= expertE 2|2 =M
22 % computational costE 25| E¢
[2]F]
= 7Y 2 EH= base MoE ZE0| ZQ

Sparse upcycling =& (Google, ICLR 2023) (pretraining > MoE F7t8t&)0| HAS FII &

e

o =AMLt &2 74 F20AM2| ot¢=

ot

M

Bl
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Introduction

= MoE
- Sub-modular component (expert)Zt CrE 72| 0| Cis] S22 = UCt= S TH =
= X}
o O

!

- =& pretraining M2 2 28, X 20| instruction tuning (multi-task) A = 35| M8

= MoE?| 7HE 2 ¢

- ©H| meto|H7F &4E5 J
- Conditional computation@ 0| = =75t X MoE finetuning Al0fl= FX| Zf2t0| B GO
E7F 27|

-SR] HXSO AL MY 27H58 HEO| computational cost

> B= practitioners& $I¢ realistic setting 21

Pushing Mixture of Experts to the Limit: Extremely Parameter Efficient MoE for Instruction Tuning
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Introduction

= In this paper,

- X|QF: Parameter-efficient adaptation of the Mixture-of-experts approach

- Mixture of Vectors (MoV)
- Mixture of LoRA (MoLORA)

- Zero-shot generalization 3 E7} (unseen task):

- 7|Z2| PEFT approach ‘85 &7t ((IA)*, LoRA)
- Full fine-tuningdt H| =3t &

- ot2t0lH &= full fine-tuningl Z[CH 1%EH &-&

- Contributions
- Extremely parameter-efficient MoE — modular and lightweight experts

- =2t 45, demonstrated by extensive analysis

Pushing Mixture of Experts to the Limit: Extremely Parameter Efficient MoE for Instruction Tuning

22



ll. Methodology

= Parameter-efficient fine-tuning with (IA)3 and LoRA adapters [preliminary]
[(1A)°]
- 3742 MZ2 rescaling vectors =¥ & YOOI E: [, € R%, 1, € R%, [ € RYS
- self attention2| projection matrices, feed-forward layersOff 2%

Qlk®© KT)

softmax
( Vd

)(zvew; (e © v (W))W

- only updates 0.018% of the total parameters

[LoRA]

- 2702] low-rank matrices2t &GO E: B € R%*", 4 € R™%m, r « min(d,,, d,)
h = Wox + AWz = Wyz + BAx

- self attention?| projection matrices, feed-forward layersOfl Z2g

- rank 4, only updates 0.3% of the total prameters

Pushing Mixture of Experts to the Limit: Extremely Parameter Efficient MoE for Instruction Tuning
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Methodology

Extremely parameter efficient Mixture-of-experts

- MoE: family of neural network architecture

- conditional computation:32{ 7H2| expertsE F1 YL HO| 2} L& expertstt 23}
- =435t 47 gating mechanism (router)

- Router & MoE equation:
s; = R(z); = softmax(W;‘r:c)

Y= Zsi - Ei(x)
i=1

*Router network R | experts E, ..., E, | each expert(independent dense feed-forward layers) E; | intermediate token representation x |

gating scores S, ..., Sy

- Soft merging & &

n

Emi:c = Z Si * Ei; y= Emia:(x)

=1

Pushing Mixture of Experts to the Limit: Extremely Parameter Efficient MoE for Instruction Tuning
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ll. Methodology

= 2 variants

(1) Mixture of Vectors (MoV):
- (IA)N3

- weight averaging -> PEFT transformation =&

(2) Mixture of LORA (MoLORA):
- LoRA

- outputs of LORA adapters -> weight ageraging

Xhidden

Pushing Mixture of Experts to the Limit: Extremely Parameter Efficient MoE for Instruction Tuning 25



ll. Methodology

- Efficiency in training > M| 22| reduction

- Efficiency at inference > pretrained modelS $t ot 2
(7I& MoE > FFN SAF 2 M& 2 Q)

Pushing Mixture of Experts to the Limit: Extremely Parameter Efficient MoE for Instruction Tuning



Experiments

Details
- Dataset:

- Public Pool of Prompts (P3), H7}: 8 unseen datall CHoH K| 2 AF =&
- Setup:

- Base model — T5 v1.1 + LM adaptation (770M-11B)

- MoE variants — T5 2 & fine-tuning

- Baseline: TO
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lll. Experiments

= Ablations
(1) Routing input: Token vs sentence embeddings

(2) Routing strategy: Soft vs discrete
- Soft: routing block LHO|AM 2= expertOf CHSH weight averaging
- Discrete: top-k routing, k = {1,2}
(3) load balancing: top-k &3|= A0 EH #d &< = UAEF loss F7F
-loss=a-n-Yi-fi*P;
- a = auxiliary loss@| multiplicative coefficient, 1072, cross-entropy loss0ll 34| &= F

A 71 #g

- f = %erBatch 1{argmax R(x) = i}, expert i £ H|’Z =l tokens (one-hot)
P = %erBatchR(x) , expert | 2 2EE|= router probability

-n = expert =7 EEtE = UASS 1
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IV. Results and Discussion

= Parameter efficient MoE vs PEFTs

Zero-shot Results at 3B Scale

Model % Params. ANLI CB RTE WSC WIC Copa WNG HS  Average
Full-FT TO0-3B (Sanh et al., 2022) 100% 3346 50.0 64.08 6442 5039 7492 5051 2751 51.91
TO0-3B (our replication) 100% 41.08 80.36 76.17 5337 5392 8894 5746 29.19 60.06
PEFT (1A)* 0.018% 3408 50.0 6643 56.25 5541 79.08 52.09 2991 52.90
LORA (rank 4) 0.3% 375 7557 73,53 61.02 5125 83.6 5433 2532 57.51
LORA (rank 8) 0.6% 375 75.0 7798 625 5149 8367 5572 2713 58.89
LORA (rank 16) 1.2% 38.5 80.36 76.71 63.46 51.02 845 547 27.11 59.54
MoV-10 0.32% 3892 750 78.88 625 5219 8577 5596 3024 59.93
MoV-30 0.68% 38.7 78.57 80.87 63.46 51.1 8725 5627 28.63 60.61
Our Method MoV-60 1.22% 3883 76.79 7455 60.1 5266 89.79 5549 3047 @ 59.83
MoLORA-2 (rank 4) 0.75% 39.2 82.14 8032 625 5039 8058 57.38 2847 @ 60.12
MoLORA-10 (rank 4) 3.18% 38.5 78.57 78.16 63.46 5086 86.5 5541 2672 59.77
MoLORA-15 (rank 4) 4.69% 40.0 80.36 80.51 6298 50.86 89.0 5533 273 60.79

Table 1: Average median results on unseen tasks for full model fine-tuning (T0), parameter-efficient

fine-tune methods ((IA)® and LORA) and our mixture of parameter-efficient experts (MoV and
MoLORA), using T5-3B base model (Raffel et al., 2020). Note that our TO scores are significantly
higher than the original TO confirming previous work (Phang et al., 2023; Ivison et al., 2023).

- (IA)3 vs MoV-30 — 85 &4
- LoRA (rank 4) vs MoLORA-15 (rank 4) — 8= gt

- MoV-30 vs MoLORA-15 (rank4) — O A2 Lj2i0|E 2 H|=ot d&
- MoV-10, MolLora-10 (rank4) vs full-FT — H|=3%t M5 (Tt2}0/g X}0|= 04 &)
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IV. Results and Discussion

= Parameter efficient MoE vs PEFTs

Zero-shot Results at 3B Scale

Model % Params. ANLI CB RTE WSC WIC Copa WNG HS  Average
Full-FT TO0-3B (Sanh et al., 2022) 100% 3346 50.0 6408 6442 5039 7492 5051 2751 51.91
TO0-3B (our replication) 100% 41.08 8036 76.17 5337 5392 8894 5746 29.19 60.06
PEFT (1A)3 0018% 34 08 500 6643 5625 5541 7908 5209 2991 52 90
LORA (rank 4) 0.3% 37.5 75.57 73.53 61.02 5125 83.6 5433 2532 57.51
LORA (rank 8) 0.6% 37.5 75.0 7798 625 5149 83.67 5572 273 58.89
LORA (rank 16) 1.2% 38.5 8036 76.71 63.46 51.02 84.5 547 27.11 59.54
MoV-10 0.32% 38.92 75.0 78.88 625 52.19 8577 5596 30.24 59.93
MoV-30 0.68% 38.7 78.57 80.87 63.46 51.1 87.25 56.27 28.63 60.61
Our Method oV- 22% . . . . . . . . 0
MoLORA-2 (rank 4) 0.75% 39.2 82.14 8032 625 5039 80.58 57.38 2847 60.12
MoLORA-10 (rank 4) 3.18% 38.5 78.57 78.16 63.46 5086 86.5 5541 26.72 59.77
MoLORA-15 (rank 4) 4.69% 40.0 80.36 80.51 6298 5086 89.0 5533 273 60.79

Table 1: Average median results on unseen tasks for full model fine-tuning (T0), parameter-efficient

fine-tune methods ((IA)® and LORA) and our mixture of parameter-efficient experts (MoV and
MoLORA), using T5-3B base model (Raffel et al., 2020). Note that our TO scores are significantly
higher than the original TO confirming previous work (Phang et al., 2023; Ivison et al., 2023).

- (IA)3 vs MoV-30 — 85 &4
- LoRA (rank 4) vs MoLORA-15 (rank 4) — 8= gt

- MoV-30 vs MoLORA-15 (rank4) — O A2 Lj2i0|E 2 H|=ot d&
- MoV-10, MolLora-10 (rank4) vs full-FT — H|=3%t M5 (Tt2}0/g X}0|= 04 &)
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IV. Results and Discussion

= Parameter efficient MoE vs PEFTs

Zero-shot Results at 3B Scale

Model % Params. ANLI CB RTE WSC WIC Copa WNG HS Average
PullFT TO-3B (Sanh et al., 2022)  100% 3346 500 6408 6442 5039 7492 5051 2751 5191
TO-3B (our replication)  100% 4108 8036 76.17 53.37 5392 8894 5746 29.19  60.06
PEFT (1A)? 0.018% 3408 500 6643 5625 5541 79.08 5209 2991 5290
_LORA (rank 4) 03% 375 7557 7353 6102 5125 836 5433 2532  575]
LORA (rank 8) 0.6% 375 750 7798 625 5149 8367 5572 273  58.89
LORA (rank 16) 1.2% 385 8036 7671 6346 51.02 845 547 27.11  59.54
MoV-10 0.32% 3892 750 7888 625 5219 8577 5596 3024  59.93
MoV-30 0.68% 387 7857 8087 6346 511 8725 5627 2863  60.61
Our Method  MoV-60 1.22% 3883 7679 7455 60.1 5266 89.79 5549 3047  59.83
MoLORA-2 (rank 4) 0.75% 392 8214 8032 625 5039 80.58 57.38 2847  60.12
MOoLORA-10 (rank 4) 3.18% 385 7857 78.16 63.46 50.86 86.5 5541 2672 59.77

MolLORA-15 (rank 4) 4.69% 400 8036 8051 6208 SO8 890 5533 273 6079

Table 1: Average median results on unseen tasks for full model fine-tuning (T0), parameter-efficient

fine-tune methods ((IA)® and LORA) and our mixture of parameter-efficient experts (MoV and
MoLORA), using T5-3B base model (Raffel et al., 2020). Note that our TO scores are significantly
higher than the original TO confirming previous work (Phang et al., 2023; Ivison et al., 2023).

- (IA)3 vs MoV-30 — 85 &4
- LoRA (rank 4) vs MoLORA-15 (rank 4) — 8= gt

- MoV-30 vs MoLORA-15 (rank4) — O A2 Lj2i0|E 2 H|=ot d&
- MoV-10, MolLora-10 (rank4) vs full-FT — H|=3%t M5 (Tt2}0/g X}0|= 04 &)
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IV. Results and Discussion

= Parameter efficient MoE vs PEFTs

Zero-shot Results at 3B Scale

Model % Params. ANLI CB RTE WSC WIC Copa WNG HS  Average
Full-FT TO0-3B (Sanh et al., 2022) 100% 3346 50.0 6408 6442 5039 7492 5051 2751 51.91
TO0-3B (our replication) 100% 41.08 8036 76.17 5337 5392 8894 5746 29.19 60.06
PEFT (1A)? 0.018% 34.08 50.0 6643 56.25 5541 79.08 52.09 2991 52.90
LORA (rank 4) 0.3% 37.5 75.57 73.53 61.02 5125 83.6 5433 2532 57.51
LORA (rank 8) 0.6% 37.5 75.0 7798 625 5149 83.67 5572 273 58.89
LORA (rank 16) 1.2% 38.5 8036 76.71 63.46 51.02 84.5 547 27.11 59.54
MoV-10 0.32% 38.92 75.0 78.88 625 52.19 8577 5596 30.24 59.93
MoV-30 0.68% 38.7 78.57 80.87 63.46 51.1 87.25 56.27 28.63 60.61
Our Method oV- 22% . . . . . . . . 0
MoLORA-2 (rank 4) 0.75% 39.2 82.14 8032 625 5039 80.58 57.38 2847 60.12
MoLORA-10 (rank 4) 3.18% 38.5 78.57 78.16 63.46 5086 86.5 5541 26.72 59.77

MolLORA-15 (rank 4) 4.69% 400 8036 8051 6208 SO8 890 5533 273 6079

Table 1: Average median results on unseen tasks for full model fine-tuning (T0), parameter-efficient

fine-tune methods ((IA)® and LORA) and our mixture of parameter-efficient experts (MoV and
MoLORA), using T5-3B base model (Raffel et al., 2020). Note that our TO scores are significantly
higher than the original TO confirming previous work (Phang et al., 2023; Ivison et al., 2023).

- (IA)3 vs MoV-30 — 85 &4
- LoRA (rank 4) vs MoLORA-15 (rank 4) — 8= gt

- MoV-30 vs MoLORA-15 (rank4) — O A2 Lj2i0|E 2 H|=ot d&
- MoV-10, MolLora-10 (rank4) vs full-FT — H|=3%t M5 (Tt2}0/g X}0|= 04 &)
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IV. Results and Discussion

= Parameter efficient MoE vs PEFTs

Zero-shot Results at 3B Scale

Model % Params. ANLI CB RTE WSC WIC Copa WNG HS Average
FullFT TO-3B (Sanh et al., 2022)  100% 3346 500 64.08 6442 5039 7492 5051 2751 5191
TO-3B (our replication)  100% 4108 8036 76.17 5337 5392 8894 5746 29.19  60.06
PEFT (1A)3 0.018% 3408 500 6643 5625 5541 79.08 5209 2991  52.90
LORA (rank 4) 0.3% 375 7557 7353 61.02 5125 83.6 5433 2532 S7.51
LORA (rank 8) 0.6% 375 750 7798 625 5149 8367 5572 273  58.89
LORA (rank 16) 1.2% 385 8036 7671 6346 5102 845 547 27.11  59.54
MoV-10 0.32% 3892 750 78.88 625  52.19 85.77 5596 30.24 _ 59.93

MoV-30 0.68% 387 1857 8087 6346 SL1 8725 5627 2863 606l
Our Method MoV-60 1.22% 3883 7679 7455 60.1 5266 89.79 5549 3047  59.83
MoLORA-2 (rank 4) 0.75% 392  82.14 8032 625 5039 80.58 5738 2847  60.12
MoLORA-10 (rank 4) 3.18% 385 7857 78.16 6346 5086 86.5 5541 2672  59.77
MOLORA-15 lraEE 4) 4.09% 40.0 80.36 8051  62.08 50.80 89.0 23.33 21.3 0U. /Y

Table 1: Average median results on unseen tasks for full model fine-tuning (T0), parameter-efficient

fine-tune methods ((IA)® and LORA) and our mixture of parameter-efficient experts (MoV and
MoLORA), using T5-3B base model (Raffel et al., 2020). Note that our TO scores are significantly
higher than the original TO confirming previous work (Phang et al., 2023; Ivison et al., 2023).

- (IA)3 vs MoV-30 — 85 &4

- LoRA (rank 4) vs MoLORA-15 (rank 4) — 8= gt

- MoV-30 vs MoLORA-15 (rank4) — O M2 Lj2i0|EH = H|=
- MoV-10, MoLora-10 (rank4) vs full-FT — H|=3t M5 @2
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IV. Results and Discussion

= MoLORA outperforms MoV in smaller model size regimes

Our Methods vs Standard PEFTs
770M Model Size 3B Model Size

Full Fine-Tuning
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(1A4)* MoV-60 LoRA MoLoRA-10 (1A)* MoV-30 LoRA MoLoRA-15

Figure 3: Comparison of the top-performing variants from our proposed mixture of PEFT experts
versus their dense counterparts across T5-Large (Left) and T5-XL (Right).

S A= 45 Hjuw

- 770M : MoLORA-10 > MoV-60

- Ol e Z20t0| = Mov7Zt 2%, 22 AO|Z=0| M= MoLORAZ} I 22t g
- 3B: 5 2% H = fine-tuning ECt %t &
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IV. Results and Discussion

= How does the number of experts impact the downstream performance?

68Token vs Sentence Embeddings for Routfh Effectiveness of Expert Count vs. Model Sizes . Top-K Selection
3 .| HE token 3% | EETORURC MOVAID o
g [ sentence embedding gsz . s MoV-10 (top-2)

64
3 S s0 al. MoV-10 (top-1)
= 0z = 3 *  MoV-2
@ @ 58 / *] & PR
5 60 5 - 3B < e MOV-1=(JA)
2. L sef/ —o— 770M { SF

s

8 56 e o
£ o™ <M
Q sa e P2
< <,

52 S0 2

770M 3B ne 1 10 30 60
Base Model Components Number of Experts

Routing Strategies

Figure 4: Left: Zero-shot performance of passing embedding of the token sequence to the router
vs. passing tokens to the router. Middle: Zero-shot performance across TS5 model sizes (Large, XL,
XXL) as the number of experts increases. Right: The effectiveness of activating top-k experts.

Experts = HA0| U} 2 ds H

- 770M, 11BOIM £ expert = H2+E d& 4
- 3BOME expert 60 @ Al M5 o=t
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IV. Results and Discussion

= What is the best routing strategy in parameter-efficient MoEs?

GeToken vs Sentence Embeddings for Routin Effectiveness of Expert Count vs. Model Siles o Top-K Selection
3 4| HE token 5% | ESHUPTICNRS MOV e
g [ sentence embedding g 62 -~ s MoV-10 (top-2)

64
3 S o @ - MoV-10 (top-1)
= 0z = 3 *  MoV-2
@ @ 58 o 57 ,
5 60 5 < e MOV-1=(JA)*
L D 56 c 56
S s8 = S 55
@ D . a O
%ﬂ 56 %D o S sa
Q sa e e
< =3

52 50 - 52 - -

770M 3B ne 1 10 30 60 Rout|ng Strateg|es
Base Model Components Number of Experts

Figure 4: Left: Zero-shot performance of passing embedding of the token sequence to the router
vs. passing tokens to the router. Middle: Zero-shot performance across TS5 model sizes (Large, XL,
XXL) as the number of experts increases. Right: The effectiveness of activating top-k experts.

Routing strategy'd 45 H|1

- soft merging vs L& &= — soft merging0| O £

- MoV-10 (top-2, top-1) : top-2(1) gating (discrete)

- MoV-2 : (top-2+load balancing) - & 23|8{ & HO{H
- MoV-1 :single expert ((IA)A31} & ¢)
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IV. Results and Discussion

= Does sentence embeddings in routing lead to higher performance?

Effectiveness of Expert Count vs. Model Sizes

Top-K Selection
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Figure 4: Left: Zero-shot performance of passing embedding of the token sequence to the router
vs. passing tokens to the router. Middle: Zero-shot performance across TS5 model sizes (Large, XL,
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XXL) as the number of experts increases. Right: The effectiveness of activating top-k experts.

Embedding 730 [[}E 45 H2l (Token vs Sentence)

Q& sentence embedding
ds BOX|1 =20 &[X|

0
DSt
=X

a

HZ E2 embedding 42 E0{E
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IV. Results and Discussion

= Do experts specialize in diverse knowledge across different tasks?

- EfA37F H2fX|EH expert routingO] O{EA| F2tX[=X[0] CHsiA YotE 7| f|g

— CtYSH taskO]| CHSH {E A expert=0| activatek|=X| &Ot&

— i 228 probabilities (expert contribution) 20!

o

tE, 222 (unseen task) 2Pd 25 HI} — generalization 21t A5

- Expert probabilities (5 experts) - OFX|2t C|ZE =20 /U= FFN2| expertE

=
layerE &5 &L task-specific informationg St&2tCH 2, Rogers et al, (2020))

- (7P8) A X O 2 expertZt ZH2E CHE skill2 7HRI G 2HH CHE task=0il CHsH Z

expert’/ CtE A
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IV. Results and Discussion

= Do experts specialize in diverse knowledge across different tasks?

- Training Tasks 5B Evaluation Tasks | ttiole choi
4 - quall: multiple choice mrc
I quail 30 super_glue_cb E||qO|E-|M| P
05 [ rotten_tomatoes 05 B super_glue_wic A
> . S —
;“_:; common_gen [ winogrande - Cb: EI'", 7|'E-|:O| U= NU
@ 04 0.4 - commongen:
o
8 = commonsenseZ = dd
w03 03 - winogrande: & 282 &1
3 Z} CHEARZE O CHe =
02 NEESER-F]
I8 3 - wic: ambiguous word2| &
1 23S 2ojFn £U
00 00 O[O QIX| OtLX| &

Expert1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 1 Expert 2 Expert 3 Expert 4 Expert 5

Figure 5: Mean expert routing probabilities for intermediates activations at the last feedforward
layer. Values are averaged across tokens and batch. Experts are weighted differently in soft merging
depending on the task. Left: Measured on tasks seen during training. Right: Measured on unseen
evaluation tasks.

- Specialization across unseen vs seen tasks
- quail, super_glue_cb — expert 3 - expert 47} f & &2 probability
- commongen, winogrande — expert 2 7} 7t& =2 probablllty
- O downstream task0| CH3 st=2 H=X[2F 2HA 810| routing specialization2 &%
— expert specialization2 L{ A=} [0 U2, seen — unseen task22| T™O|7} 7t&EtS AlAt
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IV. Results and Discussion

= Hyperparameters sensitivity

- MoE+ hyperparameter0| &&5| olztst

(1) HHX| AtO|=7} E4Z MoE expert StLt2H M= HO| O LtS

> ZH2 X APO|=Y4Z Bt50| OHYH

(2) Training step= 5KE& HO|Z+E d&50] 3}

(3) Learning rate 7 2 2+5% O 2t 3t
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V. Conclusion
= MoV, MoLORA H|¢t
= PEFT technique, 1% 2 Ct & M2 Oiefd|e YHO[ETIRLE L fine-tuningdt H| w3l H|Zot d&
= Extensive analysis -> 259 45 A3
= CI2 PEFT strategies?t 2% 7ts
[2]F]

Median2 main metric2 2 &, appendix¥IAl mean 85 Z|ZE > A Aok LAS

9=, full tuningE L= MM 2 ©2 45 but (IA)A3, LoORARI HWA| d5 2Feh Lt
> === M= Ao et 28 Tts
N AKX 02 E[Cf 1%2| ni2t0|E Tt 22U Ct= "M Z7FX|7F QJUCED EREE
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