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Introduction

» domain-specific, expert-level tasks= 0| Cheh 22 2l specialized LLME| =2 +8
- 2180 /9= floiM= 1E2|E|C] human-labeled datas 2
— H|E 8 23 ZHO M| challenge, £5|Lt expert7t &8t 420= o 2 o4
- O|E QIsl S&T 40| Self-specialization: self-generated synthetic dataE &-895}0
o

= St

models = g

- 0| =2 target expert domain¥ M= d-50| ZX|TF out-of-domainOf| A= F2 ds
— poor generalization capability

Question: How can we build compositional LLMSs that enjoy versatile
expertise, while using minimal resources?

> Self-MoE H|2F: MiXSE (MiXture of Self-specialized Experts)




MiXSE
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MiXSE

1. Building expert modules through self-specialization: target expertise®| CHTt self-
specialized modules 4

Targeted generation: synthetic instruction-response data construction

(1) Seed Construction:
- Target domainit ZHEEl 1007 HE2| &2 42| seed examples FH]
* Seed examples& demonstrationX & &-&, O[F HI'E 22 synthetic variation <4-d
(2) Instruction Brainstorming:
* (1) 9| in-context& HI'E2Z Base LLM& &-&5 instructiont corresponding input contexts&
MEAH d4-d
(3) Response Generation:
« H-GEl instruction0i| CHSH response 24 -4d.

- Seed instruction-response pairsE in-context demonstrations2 Z-&35}0| base LLMO| 7% 2

XA EE FZ G response generation




MiXSE

1. Building expert modules through self-specialization: target expertise®| CHTt self-
specialized modules &g

- Self-align with LoRA:
« synthetic datag &5} base model0 Ll self—alignment e
« separate lightweight component ¥/ (LoRA &5)
* Ospec = 09 +A0; = 0y + 05,04,
* (* o> weights at a certain layer where LoRA is attached, 05, € R¥*""K, g, € Rrankxk)

* (* update 2> AQ; = {AHi(l),AHi(Z), - })

- Target domain (knowledge, reasoning, math, coding)2 &2 = ¢ IHd Bt=




MiXSE

2. Mixture of self-specialized experts (MiXSE)

» Self-specialization process& &l S2t&l 2 expert module — compound system 2!
MIXSEE & with router

- Selected expert modules2| outputll} router weightE weighted sum

n n
h=0yx + 2 a; AO;x = Oyx + z a; AOp.04.x,

i=1 =1
a = topk(softmax(6,x)), 6, € R™*k
* Router 6, — linear layer

L(Hr) = _E(inst,resp)~D [lo.gPG)o (T‘BSp|iTlSt; 0, {AGL’}?:l)]
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Experiments

Datasets
- Knowledge, reasoning, math, coding tasks
« Seed data 100 samples, 5K synthetic data for each domain

Models
e Gemma 7B / Llama2 7B & 13B / Mistral 7B / Llama3 8B

e LoRA -> F 0.3% Ij2f0|H =7}

Baselines

« Self-specialized models -> knowledge, reasoning, math, coding

« Instance merging (multi-task tuning) -> synthetic datag 2-83}0 multi-task tuning
* TIES, DARE: multiple experts= otLIC| expert2 ZHE3t= weight merging methods




Experiments

Main I‘eSLI |tS - i Base Instance -
Catepory Benchmark LLM Merging MiXSE
Tarper
Active  Knowledge Reasoning Math Coding -
Method Avg, Academic Knowledge MMLU 584 62.6 65.6
Params (MMLU) (BBH) (GSMSK)  (HumanEval) Reasoning BEH 561 s 611
Base LLM 7B 584 56.1 415 341 47.8 Math GEMEK 413 535 315
— - n - Coding HumanEwval 34.1 36.0 378
Specialized LIM for Each Capabiility
Knowledge Self-Spec. TB+03% 640 417 40.5 28.0 43.6 Target Average HE 524 4
Reasoning Self-Spec. 7B +0.3% 60.1 60.2 41.0 28.7 47.5 Non-Target (In-Expertise)
Math Self-Spec. 7B +03% 593 58.9 50.0 36.0 51.1
Coding Self-Spec. 7B +0.3% 572 572 46.0 37.2 49.4 Math MATH 27 134 214
Coding MEFP 378 37.6 39.6
Merging Methods - -
Non-Target | Qul-of-Expertise)
Instance Merging 7B +03% 62.6 57.6 535 36.0 524 Natural Quest e 23 Y
TIES Merging 7B +0.3% 63.7 56.3 38.5 32.9 47.9 World Knowledge ol Lueslions . - -
DARE Merging 7B +0.3% 377 59.6 45.0 34.8 44.3 TriviaQA 635 3586 62.5
- ) Hellaswag B0.6 T8.0 0.7
MiXSE (Ours) TB +0.3% 65.6 7.2 61.1 50 525 100 378 +37 543 145 Commonsense PIQA R1.1 RL1 ®1.2
Safety Truthful QA 447 422 44.3
Non-Target Average 50.4 47.7 30.6
. . . o A A h
Base LLM CHH| Self-specialization®|A] 23t M5
. . 0 0 I_ o A e A h 0 | _| I_
Specialized LLMs -> in-domaint| A= 2%t ‘d5 but out-of-domaint| A= poor

generalization

MiXSE= 2= =HQI0A Ykl 240t ds
Merging methods®f H| WA= &tEl 20t 95
C Lol S HAN AL O A



Experiments

Ablation Study

Knowledge Reasoni

ng  Math

Coding

Configuration (MMLU) (BBH) (GSMSK)  (HumanEval) Avg.
Base LLM 584 56.1 42.5 34.1 47.8
Top-k Routing
w/ Top-1 Expert 65.6 61.1 525 37.8 54.3
w/ Top-2 Experts 65.5 60.9 525 384 54.3
w/ All Experts 65.4 58.9 54.0 33.5 53.0
Routing Strategy
wio Self-Optimized Router 599 58.5 48.0 36.6 50.8
w/o Shared Router 59.5 59.1 50.5 32.9 50.5
Experts & Router Joint Training
w/o Semantic Experts (Top-1) 64.5 58.1 46.0 335 50.5
wio Semantic Experts (Top-2) 64.2 533 48.5 36.5 50.6
o J\"‘ — 71 —
» Top-k routing strategy - Top1 top20 M £t 95, 7rE SER =
 — I_ @) = L re)
70| I R E expert2 AIROM= AL 23|2 noiseE = Glgt
A= —_ O L @) sLOo X
o CtY0t configurationOf| M= 50t d&& EO0|l= A2 robustelE S
74 O A—||—O| DHO EE-IO.I

« Random routing, layer-specific router&
« Router®t expertsE Z0| &EA|7|= Z

: 80

OoOT Oo

Q5|2 expertZt 20| S




Experiments

Routing Analysis Applicability to other base LLMs

14 10

Knowledga Reasoning
£ (MM a4 [BEEH)
o
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T ol s af Basa LLM Instance = MiX5E
E : . gaq 3 Mearging .
0.2 0.2 u g 0 .
E 50 445 455
J fl ST 433 '
lh il gl R s Pelath Colifeg a0 Knowledge Reasoning Mtk Cading E 40 915 - q . .
Eapiat Enprist Exgriarl Eapiast Expart Expairt Enxpiat Expsart E S o 1) . s
o Math b [::.._'|||'|.':| '-I-I-I aa 7.9 IE 249 - j .?
2 oa (GEMBK) 08 {HumanEval) m i . [ ] 2 HAE
-r.'[ - E - E e
i ol o -
El o4 0.4 10 = : = = =
E oz - Gemma 7B LLafb-2 7B LLaMé-2 138 Mistral T LLadAf-3 BB
o — - . - 0,0 - .
Knovwliadips  Rdasaning Pl iy Cidineg Encwladge Reascning Mtk Cadirg
Enpriat Enpriatt Engart Enpriatt Expart Expart Expiart Expart
L
* Query2} domain exPerts7f HE 2 | . £ 57} 2

routingz| A =
. (7; taskDrEf assign=l domain experts’7 A

|_E|:|

x 3| « AO|=, H7H, T 22|
S E robustst M=

0% o
>.

CIE mam expertss Ut AZ (59 knowledge)
0131 Eﬂﬂ SzHHo 28 &t |'f|7(| k=2,

« System’s decision - interpretable, trustworthy




Experiments

Impact of the number of synthetic data

55 . MiXSE

L . Trerdlime
53 - +" [MIESE]
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fwg. Performance
-3

47
0 2000 4000 10000 20000

Il Spth-Generated Synthetic Data

« Synthetic datal| =0 [} & d= B2}
OF A
o O

- = HEE 27 HIolH 3710 & d5
2 7=

« Performance gain2 MiXSEO]| A
T4

Scaling the number of experts
(Knowledge, Reasoning, Math, Coding)

Knowledge Reasoning Math Coding

¥ Experts (MMLU)  (BBH) (GSMSK) (HumanEval) Y&
0 (Base LLM) 5.4 56.1 425 4.1 478
LK) 640 TR 205 280 436
3 (K+R) 65.8 58.0 430 123 49.5
3 (K+R+M) 627 61.5 54.5 329 52.9
3(K+R+M+C) 656 61.1 525 178 543

e ExpertE BRECE T2 [If 50
SEAME | = ASH

- X320 = CtE =0 QI=1t2| trade-off >

—
expert= %%‘#—% SESESESER |
g

EEH|°|01|A1 ds &<

« MIXSEQ| adaptability, modularityQ| &H

H
52
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» Multiple domain experts& 4‘d5t= ES Mok X2 &8

- 2 expertE F'd%t = routerg &55tE 24

- =2 E0Q E3 45 A Yitet M5 > 0@ E31t B7H Zt expert 7 A|HX| 21t2
Ol5}t Qltlsl M SEAF O A| TFA
- = L OO oo 1 = O

e Discussion on the overhead of self-moe

« LoRAZE APESICH=E B > F7tE[&= TEl0|He| == O ¥ Mo, OO0 & sparsely
activate E

+ FFN2| t5= ER2Z5= Mixtral, BTXO| H|3H 224

> Better scalability, resource efficiency, expert scalability S HO|A 2=
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Introduction

« MoE= dynamlc routersS =3l & 22| unique characteristicsOf| [[t2F AALS THTHO Z M)
SeHI SIS RE X K3

- 2L} LLMs = MoE LLMs= 48 Ef230|M 450] EX | decoder only
architecturect= s = Of| A embeddlng model 2 EH?hE|7| o= % | =

_| [
- hidden state= 23 EZ9| key features?t 2= ME AHe = S (}=el OjgE3t oO|X
X0l & & &4 X&)
- next output token2| HE 0| biasZ|{ AU Z
- last tokeng &ML X0z 22 QA 7| REIEC 950 A L7 &

_|OF

&2 &0l embedding models2| capabilityE & = A2Lt, Ol= F7HHQl st52 @7

- JECHH LLM2 F7F &5 910 HEZ embedding2 22 & == U= &EO| /JS7}?
> X[2F: MoE Embedding (MoEE)




Mixture-of-Experts Embedding (MoEE)

MoE routing weights (RW) as embedding

MoE model at layer [ consists of N experts, denoted by E°, where i = 1,2, ..., N®
Zt expert= 20| OFCt £ inputl| characteristicsOl £ 2=l sub-network

Dynamic routing mechanism of MoE: A gating function g@®(H®) e RN

- T Y EZ2E 71 6 ME|St= expertsg& M EH. Specifically,

(D (gD
01710 0170 exp(z;” (HY))
- logits zW(HW) of CH3H softmax: g;” (H )_ZN(D )

> probability distribution2 2 FO0{X|= routing weights gV (HV) & A =
- Expert final output: ¥ 1g(l)(H(D) ELY (HO)

- RW 7|8 H|E (concatenation): egy = [g*(H®); g@(H?); ...; g (HW)] € REi=: N




Mixture-of-Experts Embedding (MoEE)

« MoE routing weights (RW) as embedding

- RW 7|8t B2 (concatenation): egy = [gt(H®); g@(H?); ...; g (HD)] € RE= N

%, B.E layer?| routing weights& &850 embedding2 ‘g

RW% Aoz &85IH FZt glojofotct MEYE expert W (S7F =& &) 7HX|
2t7H 2t
> EE layer Z0|0|A shallow and deep contextual features§ 25 12{gt, M5t

richer representation= @2 & U

> low-leveld} high-levelOf| A2 &3 C|H| 0] CHTt sensitivityS 2 7ot= 2H|IE Z 20|

X~ St
==

0|-




Mixture-of-Experts Embedding (MoEE)

« Comparative & Complementary analysis of Routing Weights & Hidden State

.+ T1ECHH O] RW embedding2te &2% Z12171? Nope.
F

: Byg'—f HS embedding?t complementary?t G&tE 5t= AS ol 2 0] 28 2T A
==
= O

- MXFE2| hypothesis: HS2F RW Y=ol M2 CIE HE2E2 =& £ Q0| M2
complementary?t HEE H|S

(1) & YH Y= clustering®t & cluster structures?t correlations & &ks}
(1-1) BERTopic frameworkS 283l Zt clusterl| =8 topic
(2) Semantically FAeH Z2& & 7|8 A

un
fujo
i
M




Mixture-of-Experts Embedding (MoEE)

« Comparative & Complementary analysis of Routing Weights & Hidden State

(1) RW and HS embedding exhibit distinct clustering behaviors and encode different
topics:

« Clustering 21} RW2t HS embedding 7t Jaccard similarity= 0.06, exact matching2 45.54% =
> g8 #2390l 4 U0 F gHE2 M2 A EE

- 2t 3e{AH {t topicg GA| CFE =2 AL U=
(‘Iustor 1 Cluster 2 Cluster 3
hi ly & gt ~ :
l1ast tal
= mur der %gg%kﬁ,w. S
iy air ‘C‘T VOte
8iq 82 .tofusadis
MoEE move 211 pentiLion
place DA e, O used:

> 23 H0|Ho| CHsl divergent?t ZH2 BHASID US




Mixture-of-Experts Embedding (MoEE)

« Comparative & Complementary analysis of Routing Weights & Hidden State

(2) Complementary nature of RW and HS embedding:
« STS12 IO 40| CHsl 2t 2 &0Ct HS, RW AH| S A
« Promptd] [HE ds HEES D8 E 971 promptsOf CHsl ¢ YHIE=2 44
o ZE1HS)-2Z2(HS), =& 1(RW)-2&2(RW) Zt prompt1~promp9 = similarity scoreE ‘4-d

- F I =22 MY El Similarity scores 7t pomi 3
. — rompt
correlation 29l S
prompt 4

HS prompt 5

prompt 6

> HS-RW 2H|E 7t similarity score correlation= prom 7
O 51E L.|-O prampt 9
rompt 1

> vasar HS.': HO|HE ZSOAE ity Qe SHEZS o
2+ 7+ L AkS prompt 3
I:IE o L o Lo prompt 4

9 *1§ Ef— rendE EQICt= A2 &2 complementa™ e
natureO| CH3t evidenceZt E A prompt
prampt @







Mixture-of-Experts Embedding (MoEE)

- Z|F YHITE (271X HE)

1. Concatenation-based combination

- HSQ} 2= layers2| dynamic routing weights& concatenation = HS + comprehensive
routing-based embedding efinqa = [eys; erw] € R4HSHRW

2. Weighted Sum Integration
94 STS12 AL} FAL 28E (s1,52) Ol THol BIHIE &S
ens(s1), ens(s2), erw (1), €rw (52)

- simys = cosine similarity(eys(sy), eys(s;)), simgy = cosine similarity(egy, (s1), egw(s2)),

- Z|F similarity: simg;q = simys + @ - simgy
- &It — RWO| contribution2 K| 0{St= hyperparams
- Task-specific needs= BFE5I0] CHE tasksOll = ME7ts (future work)




Experiments

- MTEB (Clustering, Classification, Pair classification, Re-ranking, Retrieval, STS,
Summarization)

- Model:
- DeepSeekMoE-16B: 28 layers, 64 experts per layer
- Qwen-1.5-MoE-A2.7B: 24 layers, 60 experts per layer
- OLMOoE-1B-7B: 16 layers, 64 experts per layer

- FT7ebE x HIZ YHE HE=E &8



Results

Main results

MTEB Tasks CLF Clust. PairCLF Rerank STS Summ. Avg.
DeepSeekMoE-16b
Hidden State (HS) 44779 2587 44.34 38.13 3454 2451 3536
Routing Weight (RW) 4406 17.53 50.59 3594 4111 2622 3591
MOoEE (concat) 4493 2415 51.88 41.20 46.82 3117 4003
MOoEE (sum) 48.74 32.83 52.12 47.88 4834 2989 4330
Qwenl.5-MoE-A2.7B
Hidden State (HS) 4641 24.31 44.43 4491 2836 2265 3518
Routing Weight (RW) 3899 10.55 42.26 33,53 2397 2744 2946
MOoEE (concat) 4481 26.75 49.79 4923 3793 2761 3935
MOoEE (sum) 50.70 31.35 51.87 49.82 4575 2400 4225
OLMoE-1B-7B
Hidden State (HS) 4423 23779 4756 45.60 3544 2094 36.26
Routing Weight (RW) 4354 17.66 5312 4091 4468 2868 3810
MoEE (concat) 4462 2283 51.64 46.58 4884 3167 41.03
MoEE (sum) 48.54 30.67 50.93 47.77 4945 2877 42.69
O A, 74 —
. Sum 7|HIO| 7tERF =L A ZSHSLE

MTEB Tasks CLF Clust. PairCLF Rerank STS Summ. Avg.
Selt-Supervised Methods
Glovex (Reimers, 2019} 51.04 2311 62.90 4872 6052 2887 4586
Komninos+ (Reimers, 2019) 5021 2496  66.63 50.03  61.73 3049 4734
BERT=* (Devlin, 2018) 5236 2348  66.10 4847 5289 2982 4552
SimCSE-BERT-unsup+ (Gao et al., 2021) 54.80 2259  T0.79 5242 7500 3115 5L13
Supervised Methods
SImCSE-BERT-sup* 5898 2049 7582 5361 79.97 2331 5353
coCondenser-msmarcox (Gao & Callan, 2021) 53.89  32.85 74.56 60.08 76.41  29.50 54.55
SPECTER«* (Cohan et al _ 2020) 4259 2794 56.24 5587 6068 2766 4516
DeepSeekMoE-16b
Hidden State (HS) 5824 2464 4876 38.13 5966 2438 4230
Routing Weight (RW) 4952 1997 68.30 3748 5952 2926  44.01
MOoEE (concat) 5421 26,10 T72.44 5331 6759 2889 5042
MOoEE (sum) 5831 3452 7095 5599 70.66 2922 53.28
Qwenl.5-MoE-A2.7B
Hidden State (HS) 5934 2950  74.29 56.51 6739 2301 51.67
Routing Weight (RW) 47.84 16.74 64.85 4355 5171 2774 4207
MOEE (concat) 5423 27.18 73.93 56.12 6852 2857 5143
MOoEE (sum) 59.57 3833 7221 5625 7278 3109 55.04
OLMoE-1B-7B
Hidden State (HS) 58.18 3283 7200 5831 7281 2796 53.72
Routing Weight (RW) 45.02 1993 61.58 4391 5433 2949 4238
MOEE (concat) 52.59 3392 71.85 56.69 71.13 3021 5273
MOoEE (sum) 5746 3646  T1.26 60.43 7463 3071 5516

19| complementary®t & 1t

« 7| self-supervised/supervised methods E L} @8t &




Results

Ablation study

- RW= OHX[2F EZ & all layersO| CHOHA =3 (multiple depths) / HS= OrX[2F EZ & last
layers

- O|F1: OZELCHH HSE 2] layersHM & OA multiple depths& 24| o™ &= A
|_|_I77|.7

« 9| 22: last token% U= sequence informationS 5X| Tt every tokens0f| EH5ll mean
poolingS o™ [ § % viewE M| SSIX| 4272



Results

- Ablation study STS Datasets STS12 STS13 STS14 STSIS STS16  Avg.

DeepSeekMoE-16b
HS - last token, last layer 5199 69.56 54.68 58.04 6847 60.40
HS - last token, all layers  59.82  60.59  45.20 51.08 5888 55.03
HS - all tokens, last layer  30.95 3442 26.777 3490 37.11 3278
HS - all tokens, all layers 60.81 6246  46.90 5238 5999 56.34

RW - last token 6197 6586 5138 6586 6249 61.18
RW - all tokens 3076 4642 4147 4368 4837 46.03
MOEE (best) 67.39 8143 6898 6776 7426 TL75

o|F1) AECIH HSE o2 layersO| A & OFA| multiple depths& EA| otH &|= # OEN?
- &3 A1 HSO|| O| & ME5tH 0| O B - 93|E1 noise= &

« RWE IayerDH:f *1 EHEl e gertol IjEHS Zeiot= .:I'IHl shallow and deep contextual
informationS HFY 3 HS/t 81A| B3l= AMdIT H=NOl MEHEZ O &F mwAkS

a e) 1= T AADO

\
°
10

O] 22) last token2 2ZEl sequence informationg FX|2t every tokensO|| CHSH mean
pooling= S O 'E"% views M| SolX| 272
2

« A AL} |ast tokena MES= AO| HS, RW BE50A 253t M5
> last tokenO| 7}%&t cr|t|cal‘.>_F semantic informationS T = 92




Results

A stability Comparison of RW and HS using different prompts

promptOf| HEf AH|E ZEO| =52 CrYotA LIEHE

RWR} HS2| promptdil [HE sensitivityE B7tst7| et A

HS7} O & =2 =4& E0HE — d80| AFESte promptd| M2 O 3 A HS
« RS&= =2 stabilityE E RS — robust to prompt choice

— MoEE= reliable@ option
80

Spearman




Results

- Case study: When HS outperforms RW & vice versa

e HSQ} RWZ} 2+2t . M =0

=UH instanced| CHot & H|W
Sentence 1 Sentence 2
1 the vote will take place the wvote will take
today at 5.30 p.m place at
2 the standards are the are
scarcely comparable, comparable and
let alone transferable transferable
3 that provision could this
open the door wide to opens the door to
arbitrariness the
4 A woman puts flour A woman
on a piece of meat flour meat.
5 the fishermen are fishermen are inactive,
inactive, tired and tred and
disappointed
Z7t TAMO RO HAL 1 HAIHOI AOX
22 o|0|E Bt 22 LIEHH, o|0] M7t




Results

- Case study: When HS outperforms RW & vice versa

« HS2f RWZt

 RW embedding= paraphrasing, synonym,
> | deep® contextual changedl 2! O] sensitive (

Z+Zt

~

-

O 450| =Q/UH instance0 CHsH 2™

H|

Sentence 1

Sentence 2

He did, but the initia-

tive did not get very
far.

What happened is that the
initiative does not go very
far.

then perhaps we
could have avoided a
catastrophe

we might have been able to
prevent a disaster

it increases the power
of the big countries
at the expense of the
small countries

it has the effect of augment-
ing the potency of the big
countries to the detriment of
babies

festive social event,

celebration

an occasion on which peo-
ple can assemble for so-
cial interaction and enter-
tainment.

group of people de-

fined by a specific
profession

organization of performers
and associated personnel
{especially theatrical).

nuanced stylistic shifts2|

A% 0| OHZ2+A
0o 71 -

-1 1 1




Conclusion
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Future Plans
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Load balancing loss H-&

Top-1, 2 vs Soft merging vs Random routing
Shared expert 28 vs specialized experts2t &£
Shared router vs layer-specific router
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