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Self Background Introduction

-
® A Second-Year LLM-Traing Guy~ :
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& Why Multilingual Medical is so important?

Serve the community with more warmth

Pooya Jazayeri - Follow X
Board Certified Anesthesiclogist - by

For me, it has been critical. | spent some time working in a French speaking hospital in
Africa. Prior to that, | was conversational in French. | knew enough to ask directions and
order in French restaurants. | didn't know any medical French. So words like
laryngoscope, malaria, transfusion, et cetera, were a big challenge for me.

MESR, XEXER, REIENN—=FEER LIFr—RiE, mikzal, mAEEEH T
&, BB ZESERELRE, RTNETNEFEE, FLEESR, BE. 3NS5
WisdHRE— N RARIH .,

Now, | work in a very diverse community in northern California. | use my medical
Spanish frequently, but | use the Farsi | grew up speaking even more.

WE, FEILMN— P ESZTEHEXTE, REESEREFREMAE, EXREZMEREN
NFHATIRERE,

4> Upvote - 14 =7 0O %3
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@ ComisiynyddyGymraeg
@ComyGymraeg

*Pan o'n i'n trafod iselder neu gorbryder gyda'r GP yn Saesneg, doedd o
ddim yn swnio fel llais fi. Oedd deud hynna'n Saesneg ddim yn swnio fel
profiad fi.”

“SERARESERESTCIDEMEESER, TR MEENES. B
IR AEIESEMERNER. 7

Mae gwasanaethau Cymraeg ym maes iechyd a gofal yn sicrhau bod
cleifion yn teimlo eu bod yn cael eu clywed a'u parchu.

ERr BN R ESRSHRESERI B CHNESEIIES
g,




‘What is the current capability of large models?

=it '_"'ii-_}J_'..
WEEn (1) FERE BA, B, 49%, JNSEBRAGELIE Enatisn
TR, O METRME—ER, BHEAER. \n (2) TR ATE ©  Diagnosis:iZif:
BRI/, \n\n{iSeE\n{kiR: T37.8°C, P101R/ The patient is likely suffering from acute inguinal hernia with incarceration, potentially with
4, WR22)%/45, BP 100/60mmHg, BBir, N EREENN, \niE signs of bowel obstruction & TEEA R HERAMHEHE, TaeaREENTS.
BifEE\n (1) LE=EMEE N MEM: WBC5.0x109 /L, N78%, \n _ . _
FREAIER. \n (2) STHBEHRI AERANTTI—SE5 e
EE?}E%@EE %ET“% TS REST ‘E\ft?‘]ll ~5cm 1. Clinical Presentation: The patient, a 49-year-old male, presents with right lower
' ' ! ! r ‘ abdominal pain and a palpable mass in the right lower abdomen for 3 hours. The pain
Hindi was associated with defecation, and the mass was tender, located above the inguinal
%Kﬁﬁz&ﬁﬂ@ﬁﬁﬂ@%ﬁﬁu ligament, and of uncertain consistency, which is suggestive of a hernia. The acute onset
of pain and mass palpation is characteristic of an incarcerated hernia.
© 75 IS U B Qe e o H 76 $1R U W1 ST o FY ST 36T 6, ol i U § I § WS B, 495EtE, WIATIAR, 4 RETHRMEIING, BRSHHESX, B
2| RIS URiE H aIuHH 37.8°C 3R Uy 101/f8He Uil 41, S Ysh Al U1 Yol Bi Yobd Dl ¢ tefls, TR L5, EHONRE, IS, SRR AR SR
SR SR Wien ¥ sgwad fBfEa ufawaf &7 ik Ue &1 tag-3 ¥ 5991 ©R & Ul 9H) o

idive 3T @ FRUfd ¥ 3HEar & g2iial 81 98 44 vufsuiey, uReAEiey, o fedl 3mg sidiv 2. Physical Examination:Ji&ias:
G U1 1 Yo ofd I BT Ybd &l Iddl ol [Fada SR Tai=ar uiona! &f ¢ad gu, Juifad

« The presence of a round mass (4cm=4cm) in the right inguinal area, which is tender

EME! ge @1 Qﬁﬁmm ﬁﬁEhE???}'Eﬁ Hahdl %, oy o arfds Hﬁﬁfﬂﬁ DI AdgHdl Eﬁ &dl and has unclear borders, is highly suggestive of an inguinal hernia.
ﬁ%%ﬂﬂﬂﬁ?ﬂﬁgﬁ*ﬂﬂmmﬁﬂ& ' EW%;EE?%EETEAIJ\E?D W@EEW}?ES?BDCJ b‘?} Eﬂﬂﬂﬁﬂﬁ;@ﬁﬁﬂﬂ@ﬁ?mﬂé (4cm><4cm} ' ﬁt—ﬁﬁﬁ:, iﬂﬁ?iﬁ %Efﬂﬁijﬂﬁﬁﬁﬁﬁﬁo
101458, BTEELaiuRE. SEIEERE s D AOE KBRS EE TR E « Vital signs indicate mild systemic stress (fever of 37.8°C, tachycardia at 101
i - . . . - beats/min), which might be a sign of infection or bowel strangulation within the
SE, raxEEFnEEEREN, BRI TEEEASEREESERIVDL. RIBIGFL] hernia sac.
EEER, UHASET R EATEEEES, TRREA s, ERNMEERRERSIN (RER7 L |, OTTEIOTR/AH) , KTMRRASS
FREr =TSR,
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Always Start with Data ! 1 !

Ty

126.63M

'110.7M

11084.65M

1778.63M

g
.
‘ Books (13.32%) Dialogues (7.60%) Guidelines (2.02%) General (22.80%)
. En (175.6M) En (92.1M) . En (30.2M) En (194.5M)
E ~ N Zh (151.4M) Zh (46.6M) . Zh (6.4M) Zh (89.4M)
L Ko (2.6M) Pt (36.4M) Es (5.9M) Hi (43.9M)
Ru (0.03M) Ar (10.4M) Fr (5.9M) Fr (20.0M)
Papers (14.10%) Ko (2.1M) De (1.6M) Ar (18.7M)
En (252.9M) Ru (0.4M) Ko (0.01M) Es (18.4M)
Zh (45.6M) Exams (9.89%)  Web(21.12%) De (20.9M)
Es (46.0M) En (122.25M) Zh (218.9M) Ko (20.0M)
Fr (4.5M) Zh (116.93M) En (136.4M) Ja (18.5M)
Encyclopedias (7.57%) Ru (2.2M) It (57.28M) 1t (21.5M)
Zh (112.5M) De (1.5M) De (48.1M) Ru (98.5M)
En (52.6M) Ko (0.8M) Es (39.9M) Pt (20.0M)
Ko (9.3M) Es (0.5M) Ru (19.8M) Math(0.66%)
Ru (5.7M) Ja (0.3M) Ja (1.4M) +Code (0.91%)
Fr (4.6M) Fr (0.1M) Ko (0.6M) . En (9.2M+18.9M)
De (2.7M) It (0.1M) Pt (D.2M) Zh (7.2M+3.7TM)

En
Zh-
Ru
=1
It- 78.88M
=
g Pt- 56.6M
Hi- 43.9M
Ko- 135.41M
Fr 35.1M
Ar- 29.1M
Ja 20.2M
102

Figure 1: Taxonomy and Token statistics of Training Dataset.

103

Size (M, Log Scale)

In order to adapt to more rare languages, the difficulty of data collection has increased sharply.
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&% Preliminary results

g e '—.'511;

Table 1: Monolingual () refers to the accuracy of models trained on single language data and evaluated on
the respective language evaluation set. Multilingual () indicates the accuracy of models trained and evaluated
on all languages’ datasets. The -Math&Code results reflect performance when training on all language data
(m) excluding math and code data. Avg. denotes the average score across languages.

Model #params | Avg. | Ar De En Es Fr Hi It Ja. Ko Pt Ru Zh
Gemma 2B 28.1 | 182 276 376 318 231 257 261 21.2 252 231 496 280
+Monolingual 2B - [ 27.8 349 521 392 277 276 286 234 299 283 547 60.6
+Multilingual 2B 48.6 | 43.7 50.7 578 48.1 445 40.7 45.2 43.0 45.1 40.6 63.7 60.6
-Math&Code 2B 427 | 36.1 394 51.2 437 393 354 420 354 405 32.1 570 60.0

GPT-4omini - 74.1 80.7 70.5 823 847 752 777 764 772 822 809 679 782
Open-source Models

MMed-Llama-3 8B 29.5 403 54.7 63.6 620 38.8 20.7 473 203 259 625 167 402

OpenBioLLM 8B 27.5 58.1 496 592 533 444 415 39.1 46.7 270 648 418 46.1

Llama3 8B 335 559 484 605 584 48.0 399 389 495 515 633 436 493

Multilingual Training Helps!  Math & Code data Helps!  Existing Model sucks!
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@ Introduction (5 min)
® A preliminary scaling to 12 languages (5 min)
® Scaling with MoE and its routing analysis (10 min)
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language-specific hybrid routing

Mechanism -> linterpretability and Generalization -> MoE_

A t
' [ Weighted Sum [ Weighted Sum |
MoE ] ' Replaced / \
[ ; Expert
( )’ t® .
ol Bl | o [ Expet7 | Eperti2(in) | [ Expatt | [ Expat7 |- [Expertia(fn) |
: | RO SN M. Y ®
= L ]
| ! e F ———
[ Norm J : (__Router ) ( Router )
4 : Quoi de neuf ? QuEnchante(e) 5
(french) (french)
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A language-specific hybrid routing

Mechanism -> linterpretability and Generalization -> MoE_

Table 2: Comparison between Dense models and MoE models with various routing strategies.

f

Param. (B) [Avg. Accuracy | Weighted Sum | B

Hiethod Active Total | Major Minor AR D¢ M Hs L
Dense Models before and after Training with V T

Qwen-0.5B 049 049 | 29.7 31,5 273 274 393 329 21.{ Expert | ] ( Expert 7 ] [Emﬂ 12.:{,-]?.4
after training 049 049 | 37.8  24.6 (348 33.7 467 40.5 33.C —— o 0
Same Active 0.81 0.81 | 384  26.2 (344 35.8 46.1 40.1 34.( i : 1.8
Same Total 395 395 | 42.0 309 |364 40.8 47.8 42.1 38.( Tﬂ_ﬂ_’_‘ FJ L8
MoE Models Trained with Different Routing yron =

Lang-Spec.  0.81 3.95| 309 26.1 |28.8 28.6 39.1 333 16. Ropt 3.0
Top-k 081 395 | 39.7 299 1345 369 43.7 38.9 39.¢ u“rjg“]”“}‘f‘ﬁ] é") .2
Hybrid-k 0.81 3.95| 400 32.0 [35.1 37.2 44.1 408 407 __.. 'S _ o .. __._ _36
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Decoder Layers
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\. Input Embed
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0.50

0.12
0.10
0.14
0.09
0,12
0.21
0.14
0.07

0.12

\ I-.l'} iIwwu llllB 1 B

Maybe only the last 2 need to be MOLE!

AVG

0.15 0.05 0.04 004 017 004 010 004
004 0.21 0.04 004 004 004 023 004
0.04 0.03 0.05 0.04 0.02 0.04 0.04 0.04 0.02
0.02 0.03 004 003 002 013 004 005
003 0.01 0.04 002 002 0.04 003
0.04 0.02 0.04 0.03 .05 0.05 0.04 0.03
0.04 0.1 003 003 003 007 001 002
0.04 0.04 003 000 001 004 004 001
003 BEE) o0o o003 o003 o001 004 005 002 003
003 0.1 004 002 003 009 004 000
0.04 0.00 004 000 005 010 002 001
002 0.01 0.04 002 001 006 003 001
0.05 0.00 0.07 0.01 m 0.04 0.02 0.00
0.02 0.00 006 000 003 012 002 001
0.02 0.03 005 001 002 m 0.04 003
0.03 0.02 0.04 000 004 004 0.02
EE) o.00 005 001 003 0.08 000 002
0.04 0.02 0.06 0.01 0.04 0.03 0.02 0.02
0.04 0.03 004 001 004 003 002 002
003 0.01 004 003 JEELE o005 002 o0.01
0.01 0.00 0.08 0.01 0.01 001 0.01
002 001 o001 oo1 BN co1 o003 004 002 000
0.01 0.00 002 000 001 001 001 0.00
0.00  0.00 0.00 0.00 000 000 000 000
ar es ru ia ko pt de it




Post MoE variant inspired by the ‘Spread Out in the End’ Phenomenon

ACC ACC
40.3 2 54.0 53.9
r oL 40.2 308 e R B L
39.6
Qwen2-1.5B-MoE (Avg. 12 Major Langs): 53.3
51.2
34.6 1
3%.? 462 ——  Avg. 12 Major Langs
s ""‘\\R_ 310 —s—  Avg. 38 Minor Langs
Qwen2-0.58 (Avg. 38 Mi_ggr'l'-,'fmgs]: 31.5 .y 7 B
29.;,."/ 8 295 e
] g -
P / 41.2
/ 3.?;3
4 38.1 T _382
P g " e }74 '
% —e—  Avg. 12 Major Langs — chn2 1.5B (A\«g 18 VImanftnns} %34 o
2.6 /24 ~=—  Avg. 38 Minor Langs 362 H""“--'}Q'z
0 I 2 3 4 N 0 I 2 3 4 N

(a) Post-MoE from Qwen2-0.5B in Last N Layers (b) Post-MoE from Qwen2-1.5B in Last N Layers
Yes! Only the last 2 need to be MOE!

An architecture (Post-MoE) and training method (Hybrid) that is both efficient, generalizable, and interpretable.

SRPIRE GRI) HBAHER
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® A preliminary scaling to 12 languages (5 min)

® Scaling with MoE and its routing analysis (10 min)
— A language-specific hybrid routing
— Interpretable routing analysis: information flow circuit

— Post-MoE variant inspired by the ‘Spread Out in the End’ Phenomenon
® Further Scaling to 50 Languages (10 min)
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_ Mixture of language family experts

An architecture (Post-MoE) and training method (Hybrid) that is both efficient, generalizable, and interpretable.

50 Language !!! Huge Parameter !!! Still not efficient enough !!!

Table 3: Classification of Languages with Color Coding Based on Characteristics.

Language Family Languages

Sino-Tibetan Chinese (Zh)

Altaic Korean (Ko), Japanese (Ja), Mongolian (Ne)

Australasian Thai (Th), Vietnamese (Vi), Laotian (Lo)

Austronesian Malagasy (Mg), Cebuano (Ceb), Sundanese (Su), Ilokano (Ilo), Dogue (Doi)
Indo-European English (En), German (De), Portuguese (Pt), Spanish (Es), French (Fr), Russian (Ru)

Italian (It), Croatian (Hr), Galician (Gl), Czech (Cs), Corsican (Co), Latin (La),
Ukrainian (Uk), Bosnian (Bs), Bulgarian (Bg), Esperanto (Eo), Maithili (Mai),
Albanian (Sq), Danish (Da), Sanskrit (Sa), Norwegian (No), Guarani (Gn),
Serbian (Sr), Slovak (Sk), Scottish Gaelic (Gd), Luxembourgish (Lb), Hindi (Hi)
Afro-Asian Arabic (Ar), Kurdish (Sorani) (Ckb), Maltese (Mt), Hebrew (He)
Kongolese Lingala (Ln), Bambara (Bm), Swahili (Sw), Sepeti (Nso), Igbo (Ig),
Kinyarwanda (Rw), Hausa (Ha)

HHEFLRF (RI)D) HIEHFR
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£ 'Results and Ablation Study

o
EEEEEEEEEEEE———————————

Table 4: Main Results on 50 languages comparing to existing LLMs

BB Active | Average acc.
Param. | Major Minor
Model Active | Average Acc. Qwen2-0.5B 049 B 29.7 1 B
Param. | Major Minor Dense 049 B 39.2 33.2
Dense Same Active (.52 B 394 34.0
Gemini 1.5 Pro . 746 736 Top-k routing 0.52 B 390 334
GPT-4 Turbo < 04 733 Hybrid-k routing ~ 0.52 B 40.5 346
Claude 3 {:}pus - 81.9 76.5 Qwen2-1.5B 1.54 B 42.9 384
GPT-40 « 857 81.1 Dense 1.54 B 5.2 43.7
GPT-40 mini - 77.6 69.8 Dense Same Active 1.63 B 52.8 44.1
' - Top-k routing 1.63 B 53.6 42.6
JISL-MedPhi2 278 B | 29.0 30.7 Hybrid-k routing 1.63 B 54.8 44.9
MMed-Llama-3 8.03B | 402  36.5 Qwen2-7B 762B | 552 492
OpenBioLLM  8.03B | 46.1 347 Dense 762B | 69.0 557
Llama3 RO03B | 403 333 Dense Same Active 8.02 B 68.5 56.3
Top-k Routing 8.02 B 68.6 56.7
Apollo-MoE 052B | 405 346 Hybrid-k Routing ~ 8.02 B 69.9 58.3
Apollo-MoE 1.63B | 548 440 ; ,
Apollo-MoE S02B | 69.9 58 Table 5: Ablation Study between Dense and PostMoE Models across 50 Languages at Various Scales.

IT WORK !!! With Scalability !!!
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