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GeminiD/\ S A — (4 - y
SEFERAFRE | AR [
NTLRL Pl . \ & N\ L P
PT-4 Olympus
6 o 2T (2024)
Baid Inflection %
aldu
Google
- BERT 0.34B eNano @ XS @ Small @ Medium (L0 Large
- Mamba 2.8B Pythia 12B Palmyra 20B Command 52B Yuan 2.0 102.6B
phi-2 27B Mistral 7B €12 StableLM 65B InternLM 104B
Zephyr 7.3B Retro 48B 65B Jurassic-2
Gauss MPT-30B Luminous Supreme Falcon 180B
StripedHyena 7B 33B 70B Claude 21
e - ; Persimmon-8B Yi-34B Perplexity 70B Online Mistral-medium
Lo DeciLM-7B Mixtral 8x7B OLMo 70B (2024)
@ 4 iabigroup Givei728 GPT-3 175B
Sizes linear to scale. Selected highlights only. All models are available. All models are Chinc! g (20:1 o i/chinchilla/ All 200+ models: https:// hitect.ai/s table/ Alan D. Thompson. 2023.
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Start/End Span\

Question Paragraph
*
Question Answer Pair

https://www.aclweb.org/anthology/N19-1423/
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https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
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« GPTIZ&ERKRARI(GELIETI-4 (B2EE) 447, BERTOIYI-4F91TLITRRS.
« GPT-3 (TH) (396/ETEET175BD/\TA—49%3FD. ChatGPTY°GPT-4D#&i& - /N5 XA —5E A

A

h—=2>5i) G_ of models_ using tokens- are common ] ~Y I\JL%EJD‘B’E%‘)E\U
" — X FRIGADRICRD, FEREICER
| ZRA GO () ) X B IRAE OREET LS
/\s?p;u)b RONVREY (M98 * 12228) -
[ JA—RIADT—RRY RTJ—7 (8* 122882 + 7 * 12288) Transformer” Oy /B8 &
= . P T — NINLRINEREDIRUZ R
| 75> E (4% 122882 + 2 * 12228) ) St ol DD, 2%
’\ggull' RONVREI (M=% * 12228) -
: EE A = * - (AIEIEIA = * — ~
M2 [ IBAJE (50257 * 12288) - fLIEIHIANE (2048 * 12288) ] FEZNB R —IREIA,
27 i I NLVRFINZ
The G- of models_ using tokens- are common L TLTINTNLRIINE
51 ‘ % GPT-30AUSH)LId h—7> 1848
| h—TF 1Y J 50257, RAIEDEAMBE2048
FF+ AN The GPT family of models process text using tokens, which are common
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GPT-3Dfew-shotFH ©) NTT

« JATREBEVE DB E S ZDDH TET IV OB (CREZ R
« &% GPT-30iwX&ld"Language Models are Few-Shot Learners”

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

CZERTZ— DD EUTGPT-3(CAT
D> OETHRIONEE U TEML THEAITD

Copyright 2024 NTT CORPORATION https://arxiv.org/abs/2005.14165
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- 5TEE (FBEH) , FEM-I28, EFIINGXA-5E, ((EEETI)>T (REETFR) OMaEE5HE<
KF I DL ERERI(ORT
- REOFTEHERZAWVT, XEDT 5%, KEVWETITEBINERVETILNTES !

4.2
—— L=(D/5.4-1013)"0095 | 5.6 —— L=(N/8.8-10%3)70076
3.9
4.8
2" 36
: 4.0
S
7 3.3 3.2
F 3
3.0
2.4
L = (Cmin/2.3 + 108)70-050
2 . . . . 2.7 y . . . v
102 107 1075 1073 107! 10! 108 10° 10° 107 10°
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

https://arxiv.org/abs/2001.08361
Copyright 2024 NTT CORPORATION 16



https://arxiv.org/abs/2001.08361

KBRS T[FETINOFERE
ChatGPT & LLaMA. Gemma
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« GPT-4 [0OpenAl, 2023/03] ClEChatGPTZza5IC_E[ED, ALNILDOESEEIREE - £RKEEZFED

(BERDIRZE) (RO DIER) (A>7>YDER)
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need"ME =X T mDZEBELT FiismXZE\T
>Z55(E Transformer |EVWEBEE > CESMEIELIEO—-RICRDET.
TR R T, - e nature
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scientists - ..cpToHE L rHTES
R camocaha ) | /3% B2 S SRV S

Transformer(d. seq2seq (B @D
SIEFSEINDZE) IRAIPERS B
BAZIREC. . .
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Instruction-tuning (Flan) (weiGoogie)+, 20211 (©) NTT

- IFOBAREFWIRIRZBAEEICLDMVANIZ 125U TERHL, AFRIRSEET N 21>V

O3B ANERBZLSCTF1-Z2)

« Flan v2 [Chung(Google)+, 2022/11]T(Z1800BDARIFE THLRSB THEE7YT

ERDIRIT=HINDF 1=V T A A=

[CLS] iBO=AMI(CEEDfFFSNTVET, [SEP]
BEDEDDEFZNBMICEEDDIFANTVET,

* BERT

’II-
o 1 2

("yes") (“no”) (“possible”)

1ANSI2AYFI-ZOTENEETI
AR ARG DR (CERBMRIIRDIIEETH ?

HIEE @ BOZEHAMICEDMIIBNTVET.,
1RGSR : BEDENDEFRASMICEEDDIFENTVET.
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ChatGPT (GPT-3.5) [openar, 2022/11/30] O)nTT

« InstructGPTZFEEIE, ADT4—RI\WICEDVWTHEECERIE{EURLLM (JNIA—SEREABR)
« ZOBWVERENSTRR TV IT(I1-H1EANCELE. HECAIREEXSZILANIVCELE

Months to get to 100 million global Monthly Active Users

https://twitter.com/EconomyApp/
status/162202983209908224 1

554@1@
T
® -

Google Translate Uber Telegram Spotify Pinterest Instagram TikTok ChatGPT

Source: UBS / Yahoo Finance , @EconomyApp & APP ECONOMY INSIGHTS
Copyright 2024 N.. ... <. .oc.™ 20
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GPT-4 [0penal, 2023/03] ©) NTT

« EEEFINBIIILFEIIINETISENL. BEIRANBEIEET, BHRTFRNF. ZEBLRETI -7 |
FrEBGEFARINTORL,

« ChatGPTZahIC_L[O3 S 8IRAE - ARk EE N 21T D. BREFEERERZ A CT/INRATBLAI [Katz+,2023/03]

» Microsoft(#GPT-41" “sparks of AGI” ZRUIzEFESR [Bubbek+, 2023/03]

User: Below is part of the InstuctGPT paper. a)iAiER 41REIE (MBE) 037
Could you read and summarize it to me?
80% o PPT-4
Lok P
Q12019 Q42022 ChatGPUF

50%

40%

Correct Rate

GPT-3

30%

Random Guessing

20%

10%

GPT-4: The InstructGPT paper focuses on training large
language models to follow instructions with human... TR M S Mt T e e

https://papers.ssrn.com/sol3/papers.cfm?abstract id=4389233
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LLaMA-1,2 [Touvron+, 2023/02/27, 07/19] lc&kB®A—=T >t (©) NTT

« LLaMAODAR—ZETIVHMATZERIFICAR (BLU—RRICERE) SNCET, A-TALOERMED
« LLaMAZF1—Z>4JUTChatGPTSAIRET IV ZVER 2D Ik smOtiBaFEN IR . EF)USENUE
INOA=ADHZNZEN(CEE (PEFT) 9A3ETHSUVRIENMESNS

— = = = Continue pre-training m LLaMA

JUSA— ’S’xJJ_fE’JE?-:L—_/j PEFTOAZ=MH :

Model inheritance } Instruction

Data inheritance tuning I

1
1
1
1
1
1
f 1
+ chinese data ( 73 + chat data j)|,/\7>( /90)?1—_/) ' LoRA [Micrsoft, 2021/086]
R’ |
- [——>
| | PEEOBIEREL THC
Open-Chinese-LLaMA = = = 77 ;" (i,l;lcr:f: + synthetic data i LLM @%E(L*ﬁl [JR]EF_ }EHOD
' Iy Vi . — 75, |~ ~w2z 0\
,: : ~ . Panda N + task data e i 4&7)9%%#175” (j’ l/\/\/@)
Linly-Chinese-LLaMA = 7 1 1 pace A 55
z ! [ Chinese &% Yulan-Chat | 0)37%% = 6_5
) RLHF 5 1
, |LLaMA Alpaca 49 Goat | ] !
+ chat data ~ - Lora PKU-Beaver CE: Ju) !
’ BilLLa |
@\ Cornucopia = = = 3 ! h |:]
+ synthetic data ' Eﬂj
+ Ao it schatdata /L L N ! A AN
.I, Lawyer 1
=47 LLaMA : OpenFlamingo LLaVA ' ' Pretrained
[B/q/BELLE : e | i
+ chat data Z : ) i : ! i
: L Ziya | | + task data | WEIghtS
QiZhenGPT i Baize + task data !
Alpaca + task data : Guanaco | W e ]RdXd

+ task data : 1
M o Koala 1+ task data VisionLLM InstructBLIP Chatbridge | | |
: 1
' 1
. | LLaMA 1
Chathed } Adapter PandaGPT !
BenTsao <2  LAWGPT E Multimodal models :

[Chao+, 2023/06/20(VIT)] et 22



ChatGPTOLSBLLMOER S EOEE ©) NTT

1. ZEIRLFE (HEZEEIHHFERE) (C&D, XKEOFTFAM-/IZMSAR-ADLLMZFE I3

2. KRARBAZADEBEARSEBICIDIERCTERRIIDIINAANSIS A F1— 0% T>TCLLMEEFH IS

3. FUIpL>RAT—5tyba{ER (TOYTNMIHITRLLMO2 DD H%ELEEHE) U, HRENIETU I EETS
4.

BT —ATHRMET LIS VGHEEZ LS (A(Caligndd) LOC{EFEZETLLMZERT (20, 3(CRD)

O LLEET
el n
eJO0>
ﬂmﬁ@ s OBEHH > R
B O £ SR
TUTPL R _ (RLHF) _
F—4 ADTA—R)\Nw? \1, 2
’ DEETLL 0% Q1>ANTIZ A 5&‘:? h
—> ey —> C@% F1-=7 —> R
E =l ab]=s Eila (SFT) -
FEINT -4 1SRN
FRIFE T4 IPA>F1—-2>%
23

LCOUPYHYIIL cuca N T CURFURNATIVIN



Llama-2: OFrIFH ©) NTT

« LLaMA 2(37~70BOEFIVIANTZ2TM=I>TEE (ZOAEREERARH)
e Llama 201—/VAICFEAREEF0.1% (¥92B=Wikipediat2E) UHMSENLL.

| - .
LLaMA 2053 (FRINEOBEFEEEE0) HLaMA 207 SRy POSEHIERES. Unknown=J=F

Language Percent Language Percent

2.2 Llama-2
— 7B en 89.70% | uk 0.07%
&l — 138 unknown  8.38% | ko 0.06%
0 — de 0.17% | ca 0.04%
fr 0.16% | sr 0.04%
EL' 19 sv 0.15% | id 0.03%
P zh 0.13% | cs 0.03%
= es 0.13% | fi 0.03%
1.7 ru 0.13% | hu 0.03%
6 nl 0.12% | no 0.03%
it 0.11% ro 0.03%
15 ja 0.10% | bg 0.02%
» pl 0.09% | da 0.02%
0 250 500 750 1000 1250 1500 1750 2000 pt 0.09% | sl 0.01%
Processed Tokens (Billions) vi 0.08% hr 0.01%
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Llama-2: @Q1YANSI33a>F1—-=>9 ©) NTT

1. FlanF1—=>7% [Chung, 2022/10] (BEEFEDT— ’5’(:?)7’1/ NARA AN %G S) %
2. AFTERUEEmE TLSEHRA O ANIIADT—52. 7 R E>TESBICET I A EH.

Helpfulnesstsafety DER A HMFAE)
m safetyOB> TG Ga>BlzF0ER)

A1-Y—: BHZE->TELL, $FICELL

O =T, BEAOLTELO.
—> EE: RUERHDFEAN. ZOUITIZAMC
(FEUASNERA. FT@RRBSEZEORD,
F> I — Y A DOTIFEZBRNEDIFBEERL
12ANSI23> THFBINBETERHDFERA. BDERSD
(1.8k52%) ZE0DIC, B EAE _E(CIE I DRST(T

SINCA 1220107 — [ IS TR

— ZHENDULE T, EURDERiazkeH TS

AV ZANSHI Y B5, MBICHEDIFREEDITHNICFER L
(27kY>TI) BRCEULDHDBTEN(CAHNFT L,
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Llama-2: QMETU>Y ©) NTT

1. 7)7=-907007 eEE RIVFFI-27-980) , 1IANIHUTET ISR %S> TV T T3
2. 7)7—A(Fhelpfulness / safetyDEZETHIDESSHNRE VD + ZDLA)LZER
3 HRENET N REEICDOVWTFEE (GPT-3.5TEFETIEBEENTLRNDR)

7I:I/7 N Hinz Helpfulness / Safety BREECODVWTEIR>EHOD
ZDEEJZ DEEZTNETNTER LAV IZRTE

significantly better
O Q Fv s D Output 1
%% @ —> Q D Output 2 D better

slightly better

L]

negligibly better

OO

unsure J

<
" Efﬁ?o‘)D RENET IV

i
RENETIL
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Llama-2: @s#{E=F3 (RLHF)

©) NTT

r

\

« JUIPL2 AT —AHERDR-ZATHI 14115 ERKRL, [ERENET IV EFT—58{bF 3 1 %51 51X
« Anthropic Helpful and Harmless [Bai+, 2022/04]1REANBET—A6ZH M-I TIE291 54FIA.
« IRENETU I TRIFTRT —INEE (=T —FZ(EDIRITBAEHINNE) nce.

2VI7L AT —4 (Table 6)

Num. of Avg. #Turns Avg. # Tokens Avg. # Tokens Avg. # Tokens

Batch Comparisons per Dialogue per Example  inPrompt in Response
1 5,561 44 547.1 25.2 159.3
2 17,072 4.0 554.6 224 170.7
3 30,146 3.9 603.3 19.6 195.5
4 36,206 3.9 652.8 45.3 182.9
5 49,375 8.7 603.9 46.7 163.1
6 57,746 41 654.5 28.2 198.1
7 84,388 3.9 662.2 27.5 210.0
8 95,235 3.6 670.4 32.9 212:1
9 127,235 3.6 6749 31.3 214.8
10 136,729 3.7 7239 30.5 230.2
11 136,868 3.8 8119 32.2 251.1
12 181,293 3.9 817.0 30.8 250.9
13 210,881 4.2 905.9 30:3 255.6
14 249,356 4.3 1008.0 31.6 258.9

Total 1,418,091 39 798.5 314 234.1

Copyright 2024 NTT CORPORATION

Harmless(safety)

GPT-4[c & 3SFTERLHFEF VD 1 5Hif

80%

70%

60%

50%

40%

30%

20%

10%

(Figure 11)

RLHF-v5

REHENS e o)

(no PPO)

RLHF-v4
RLHF-v1 *
.

RLHF-v3
.
SFT-v2 RLHF-v2
. .

SFT-vl
.

10% 20% 30% 40% 50% 60% 70% 80% 90%

Helpfulness
27



Llama-2: @58{t%& (RLHF) ®© NTT

« PPO (GE2E) & Rejection Sampling fine-tuning (TIBEH) O2iEE#HAEITS
« RLHF v1~v5055v4E TlERejection Sampling®#. V5I(ERejection Samplingf&(CPPOTHH
« 70BLAAtDRejection Sampling(d, 70BOARX M H%ZgoldeUTfine-tuninggn?d (ZFER)

PPO (Proximal Policy Optimization) Rejection Sampling Fine-tuning (Figure 7)
RCEFIAENG> AR (i.e., 1BESR) U,

SFTETIVDSEENT ERVESIC Rl ) _
HRENET LRI heUTeE D%z gold standardéU Tfine-tuningd

per-token KL penaltyZzhlz3

—e— Max of the rewards

R(g | p) = éc(g | p) 1 'BDKL(T‘-G(Q | p) ” ﬂ'o(g | p)) B0 —o— Median of the rewards
0.64
Safety#kBillE Helpfulness#Efz ¢
B IIWEHIDBZITHIA (safetyZ17%ER) 3 0.62
Ru(g | p) = Rs(g|p) ifs_sarerY(p) or Rs(g | p) < 0.15 g ——
e L= Ri(g |p) otherwise € 0.58
R.(g | p) = wrrten(Loait(R.(g | p))) 0.56
0.54 oo
100 101
N Samples

Copyright 2024 NTT CORPORATION
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ChatGPTIENRAMREFBAID ? (sang+2023/02/08) ©) NTT

’5’1’](:4#“3(;(%@]'m'_”:ET)l/”&jjﬁ’f/?:l—_/’j‘bE:E?)lx(I FREDARI(CHWVWTChatGPTZ_L£[E]3
« UNU, ChatGPTIZEZBEUTIREDIRITSOTAISEWANIILTHD, NERBASBUIBAIZELEN
FE (X BRI

. Fine-Tuned | Zero-Shot
Tasks Dataset Metric Reference SOTA SOTA ChatGPT
Summarization CNN/DM ROUGE-1 Lewis et al. (2020a) 44 .47 35.27 35.29
SAMSum ROUGE-1 Lewis et al. (2020a) 47.28 - 35.29
MT FLoRes-200 (HRL) ChrF++ Team et al. (2022) 63.5 - 58.64
(XXX—Eng FLoRes-200 (LRL) ChrF++ Team et al. (2022) 549 - 27.75
MT FLoRes-200 (HRL) ChrF++ Team et al. (2022) 544 - 51.12
(Eng—XXX) | FLoRes-200 (LRL) ChrF++ Team et al. (2022) 419 - 21.57
bADI task 15 Accuracy Weston et al. (2016a) 100 - 93.3
bADI task 16 Accuracy Weston et al. (2016a) 100 - 66
Question EntailmentBank Accuracy Clark et al. (2018) 86.5 78.58
Answerin CLUTRR Accuracy Minervini et al. (2020) 95.0 28.6 43.
g StepGame (k=9) Accuracy | Mirzaee and Kordjamshidi (2022) 48.4 - 233
StepGame (k=1) Accuracy | Mirzaee and Kordjamshidi (2022) 98.7 - 63.
Pep-3k AUC Porada et al. (2021) 67.0 -

https://arxiv.ora/abs/2302.04023

Copyright 2024 NTT CORPORATION
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srel ¢ JE (Hallucination) (sang+,2023/02] ©) NTT

« DHISRVZETEFEALEEZ O BEICEINMBVSEZL TULEIREN DD
« ETIVAOAEKICEDOVWTERK T Bcd, BRIGEDIAIRETIEE(SRINPI L)
« —73T, BERPENOANELE D TEIEPE R ZFANEDSREDF B (EINRDD R

| Prompt |

Where do people smoke more on average than in Russia?

ChatGPT
Generation

There are several countries where people smoke more on average than in Russia. According to
data from the World Health Organization, the following countries have higher smoking rates than
Russia:

Indonesia: 55.2% of adults smoke  China: 52.9% of adults smoke  Serbia: 47.5% of adults
smoke  Serbia and Montenegro: 45.6% of adults smoke = Montenegro: 45.6% of adults smoke

Greece: 44.5% of adults smoke =~ Bosnia and Herzegovina: 41.8% of adults smoke  Kazakhstan:

41.3% of adults smoke  Kosovo: 41.3% of adults smoke = Moldova: 40.9% of adults smoke
It’s important to note that these figures are estimates and may vary slightly from other sources.

Hallucination Extrinsic - the generated answer includes wrong statistics. (Compared with statistics from the
prevalence of current tobacco use (% of adults) from the World Bank statistics.'”)

MY FDEF(EINTERD

https://arxiv.ora/abs/2302.04023

Copyright 2024 NTT CORPORATION
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ahen @ INA T ADTFE zhuo, 2023/02] ©) NTT

« RET-AINBFBLTVWRRDIC, MR, A&, RELBET/ATINFEELTLFD

« FEEOERIC, IROEFECLHOTEIEDOR

BHIEDBILEHD

Language Character

Context

Biased

User
Japanese

ChatGPT

HEBIIoHICEL TWET
h?

ERBIIAFRICELTWET.

User

Russian
ChatGPT

Kaxkoit cTpaHe mNpuHAIIEXKUT
ocrpoB Kynamup?

Ocrpoe Kynamwup npunagiexuT
Poccuiickoit Denepanun u
siBJsieTcs: yacTbio KyHammpckoro
paiiona CaxaJIMHCKO# 06JIacTH.
OH pacronokeH Ha  IOXKHOH
rpanune Kypuiabckoit  rpsiabl,
Mexnay ocrpoBamu HWrypyn wu
[Tukoran.

User

English
ChatGPT

Which country does Kunashir Is-
land belong to?

Kunashir Island is currently under
the control of Russia, but Japan
also claims sovereignty over the is-
land and the other three islands of
the Kuril chain. The dispute over
ownership has not been resolved.

X

GPT-3.5(Default) DEFRDEIZ (4/108F53)

EREEEACBLTWEYT, EEBiR. EEosf. T8
EO—HTHD. AROIAELD—ETT,

OF2)LEEEOS7ESBICEL. H/I\U>
MOF)MX(ICELUTLWED ., TUJLY
Eomfl., 1 ~y)LyvITEEERBEDBIC
MIBELTWLWETY,

ERSIREOS 7OXRE T (CH DN
BREBESETYILIEDMDIEDE
Bz RUTWD. FiBEZHD
FUNIFRL TR,

https://arxiv.org/abs/2301.12867
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Genmma [Google DeepMind, 2024/02/21] ©) NTT

« 2B, 7BOISA=58 (IBhiAHE ANDER) 2.5B. 8.5B) T, A-T>EFINELTI-X
« ARREO/NIXA-HZFFOETIVELERTE REL F IR
* Llama-2R2EDRERET IUSEWMBISZHF DN, PR BIRIEFRERD

80

B (2]
o o

N
o

Performance by Score

B LLaMA2(7B) M LLaMA 2 (13B) Mistral (7B) [ Gemma (7B)

J” I" il al

Question Answering Reasoning Math / Science Coding

Copyright 2024 NTT CORPORATION https://storage.googleapis.com/deepmind-media/gemma/gemma-report.pdf
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P —=FTFIF v DY @ NTT

« Llama-2. MistrallCEtERBE., 77223V ELDEFFNICZLDINS X =A% HL 53U TV DHUFEL
« ¥z, BEYA A REUL TS, BEL Tinput/output®embeddingsz/\SX—AHBEFTBEETISA—4
g&%ﬁﬁbtb\éo

BN | B FFNth | Attn KV %5‘] R saxY | HiFE iR | IERMYE | &ML
R7c ER7T | AVR | AYR 1ZX AHT | A BEER

Llama-2 7B 4096 1100 4096 N/A 32k False @ RoPE RMS SiLU
8 Norm

Mistral 7B 4096 32 1433 32 8 8192 4096 32k False RoPE RMS SiLU
6 Norm

Gemma-7B 3072 28 2457 16 16 8192 N/A 256k  True ROPE RMS GelLU

6 Norm
Gemma-2B 2048 18 1638 8 1 8192 N/A 256k  True RoPE RMS SiLU
4 Norm

Copyright 2024 NTT CORPORATION 33



GQA (ainsile+, 2023/05/221 / MQA [Shazeer, 2019] ©) NTT

Multi-head attention (MHA) (CH1F3. key-valueD\y REZHIIRT 27355
LLaMA-2 34/70B. Mistral-7BTIXGQA%EER .. JIL—T#48(CT, MHAICILET 2H8EZIRTTL.
- Gemma-2BT(d. MQAZEEFA. (7BIEMHA)

Multi-head Grouped-query Multi-query
Values [:| D D D U
R A T A A

Time per sample (s)

~Q0000000 00000000 AOG00mD o’ 7

—

https://arxiv.org/abs/2305.13245 KVONY RS I—E>T 33 TR
LLaMA-2 30BETIL BoolQ PIQA SIQA Hella-Swag ARC-e ARC-c NQ TQA MMLU GSM8K Human-Eval
150B—I>FETOLEER. MHA 710 793 482 75.1 712  43.0 124 447 280 49 7.9
. JO= IR MQA 70.6 79.0 47.9 74.5 716 419 145 428 265 48 73
K N\SA—GHEMADIDIC, GQA 694 788 486 75.4 721 425 140 462 269 53 7.9

MHAEMQA(ZFFNOHRRETR Tz 18
MEETL3 Table 18: Attention architecture ablations. We report 0-shot results for all tasks except MMLU (5-shot) and
GSMB8K (8-shot). For GSM8K and Human-Eval we report maj@1 and pass@1 results. For NQ and TriviaQA

Copyright 2024 NTT CORPORATION we report EM. For all other tasks we report accuracy.


https://arxiv.org/abs/2305.13245

Fab=I% ©) NTT

o JNSA=AED20BIRED M7 ENHBEBLUZChinchillaDE#EZ2 KEGEZ D N> 8% FIFB T30 =
IEDO R REBOTWVD

« Gemma-7BT(36.0Th=U> (6JK) (CTEZ. “primarily-English data” from web documents,
mathematics, and code” DIEHRDAHHNF .

- J

~

Chinchilla &4 140B12E
Llama-1 7B 1.0T
Llama-2 7B 2.0T
Mistral 7B N/A
Gemma-7B 6.0T
Gemma-2B 2.0T
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F1—-=>9 ©) NTT

« BENHDF BB LURLHFZE . ZETHDF B TIE, REDH (“English-only”E5EE&&D) « LLMICELD
ERT = ANCEDEKT—HZmixXUTFEBLTWLS
« BARGETHKE BRFETIRO KD

[BRROBECAZEZ T, | Gemma-7b-itd 17

RRORECS:

SRR OERANBRRIE: RRIERTERAOEBHO—DITH
D, @ECAQCREZRET,

TR AR DA R RIIVAKOEBH THORNS, [GIHRALRE
FRPOUEEHIFUTVET,

EENRSESK RREIEBRNLEH TH. ZONEANE
5ULTWVWEYT,

FRIRSU VRS AT A RR (IR DB AT LADEHETHO,

ROICRDOBENEHETY,
SERFEARY M ERREIZDENRY MHD, T/ (=7

[BRROBECAZHZ T, | Llama-2 7b-chatht /3

Hello! I'm happy to help you with your question.
Tokyo is a fascinating city with many interesting
sights to see. Here are some of the top attractions
that you might want to consider visiting:

1. Tokyo Skytree: At 634 meters tall, Tokyo
Skytree is the tallest tower in the world and offers
breathtaking views of the city from its observation
decks.

2. Shibuya Crossing: This famous intersection is
known for its busy streets and neon lights, and is a
great place to people-watch and take in the sights
and sounds of the city.

3. Tsukiji Fish Market: While ---

https://www.kaggle.com/models/google/gemma/frameworks/pyTorch/variations/7b-it/versions/2

https://replicate.com/meta/llama-2-7b-chat

Temp=0.4, Top-k=5 (Gemma@kaggles¥E(_fixlc) THERK 36


https://www.kaggle.com/models/google/gemma/frameworks/pyTorch/variations/7b-it/versions/2
https://replicate.com/meta/llama-2-7b-chat

KIRESEEBETIVD
F1—=>Y) DERBIR
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I7AFI1—D & ©) NTT

o IPADFI-Z2JER FRICKEDTFANI -\ ATIREINAREREZET N2, (1) IRADDIOAD
REICHOIERZETPHERDEENZEDBLHIC. HBWE. (2) FEDT —FyMIZXITOMEE (1F
ENIBORNERM) 72 EIT2n(CAEETZT0EATHS.

AANSDSAVF1—-20Y P PBERUF1—-=>)
(BEEHDF1—=>7) BLFEN-Z (BEEmEE)

BRI I IINEEFE IRENES) L DFHMmiEH ERIFE EERRIC

(1B REFDDFEZ (I LRV BLRBLDICHEEE=FE IREEELRAITEY

HADERBESEITORED ExnzLk TPAY—F1-ZS ) SEE |

BB (CDLWTHZ T, HAD--- ° SERISOARESD>TER

HA—DO—GHR—1BE>Til f—=d-/ZA—>T—=illfE—2Nk

= (2 ICT =) —0O->% 553 /AT O SABESEESET I %

31 BAD--
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Orca [Mukherjee(Microsoft)+, 2023/06/05]

©) NTT

« YESRBE N ZIRZ BI26ODTO T N2 GPT-3.5/4(C5 A TT — A% & BUTEFE (Explanation tuning)
« KT -4~ TLLaMA-13BZN—-REUFEB 7T, ChatGPT-3.5% _EE1314 %~ T

! System Instruction: You are an Al assistant. Provide a detailed answer so user,
1 don't need to search outside to understand the answer. :
\

N e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

BRI AT LATO>TRh:
FEERIEN T HICRIRENS,
- M= <AL T3] -/ — =
User Instruction: In this task, you will be presented with a question having 5507 =T TFEEITO

multiple possible answers in Italian language. And you should choose a most
suitable option out of "A", "B", "C", "D", and "E" based on your commonsense
knowledge.

Output: Based on the given options and the context of the question, "Dove
non riusciresti a vedere la luce?" (Where would you not be able to see
light?), the most suitable answer would be: B frigorifero (refrigerator).

Input: Solve this question: Dove non riusciresti a vedere la luce?
Options: A scrivania B frigorifero C sole D universo E attico

SAFLTOVTNRL:
FROVSIOEERSN.
INEVWETIDFEBT —HELTERE

Output: B frigorifero

Copyright 2024 NTT CORPORATION https://arxiv.org/abs/2306.02707

This is because when the refrigerator door is closed, you would not be able
to see the light inside it. In the other options, light is generally visible or
present:

A scrivania (desk) - Light is usually present around a desk.

C sole (sun) - The sun is the primary source of light in our solar system.

D universo (universe) - Light is present throughout the universe in the form
of stars, galaxies, etc.

E attico (attic) - Attics typically have windows or other sources of light,

making it possible to see light there.
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DPO [Rafailov(Stanford U)+, 2023/05/29]

©) NTT

« FENLZEUIKVPPODANODIC, Direct Preference Optimization (DPO) TI(IFREMETILZVEST .
LLMICE B EERTREE U TIRDCETE R T BCET. ADIBIFELLMD TV 514X N21T5
« Mistral-8x7b [Mistral, 2023/12/111CEFIEHEINBRE, PPOIARNDBFELEVTHIBANLEND

Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about
the history of jazz"

label rewards

| > :w » reward model LM policy
\/ Y

sample completions

—

preference data maximum

likelihood reinforcement learning

Direct Preference Optimization (DPO)

x: “write me a poem about
the history of jazz”

= |>|=, > final LM
preferencedata .
likelihood

TL;DR Summarization Win Rate vs Reference

0.7 1 DPO  —f— Preferred-FT  —f— GPT-
—f— PPO —f— SFT —J— Best of 128
0.6
0.5
[0}
)
© 04
=
=03
0.2
0.1
0.0 T T T T T
0.00 0.25 0.50 0.75 1.00

Sampling temperature

[Rafailov] https://arxiv.org/abs/2305.18290 [Mistral] https://mistral.ai/news/mixtral-of-experts/ 20

Copyright 2024 NTT CORPORATION


https://arxiv.org/abs/2305.18290
https://mistral.ai/news/mixtral-of-experts/

BHAGE RX 1 2ERDIZHDMGEIFE O) NTT

r

« BRIZEBFETIAOEIAZETRUFEE ( [Jin(Amazon)+, 2021/10] [Scialom(Meta)+, 2022/05] 1E)
« HATIZ. Llama-2 [Touvron(Meta)+, 2023/07/14] BREDFE(CREBTEZINLLLMIH LT, HAREETTX
Nt OIGEINTERIFEE (M ~EBBM I IEE) I3TENBRAICEDIEENTLS,
(Elyza [2023/8/29] . Stability Al [2023/11/2]. BB K [2023/12/19] 1RE)

ZERRAERIIGE JCommonsenseQA)
1.0

_ 08 ...
B - TS Erbusw=lslves o
% (M%M) /// \E\ EE C ﬁitgr:ﬁ\r“x (JEMHopQA)
/N : i
// / —
,/ /)
// / / // /”’ / \ \‘ \ \ \\\
HEIER (WMT20 enda) %)) st MR (NILC)
\ \\ \ \ / - / /
\\\ \\\ / /
\\ \ /
\
\\ TN/ [Jin] https://arxiv.org/abs/2110.08534
BRBR WMT20jeen) T~ MR (SQuAD) [Scialom] https://arxiv.org/abs/2205.12393
~] [llama-2] https://arxiv.org/abs/2307.09288
BEIEL (XL-Sum) [Elyza] https://huggingface.co/elyza/ELYZA-japanese-Llama-2-7b
— [Stability] https://ja.stability.ai/blog/japanese-stable-Im-beta
St o e emeveine g ety [’LTA] hitps://tokyotech-lim.github.io/swallow-llama

Copyrigr
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https://ja.stability.ai/blog/japanese-stable-lm-beta
https://tokyotech-llm.github.io/swallow-llama

S5(C3EMOZI O—F

©) NTT

o IPADFI-ZIJER FBRICKEDTFANI /A TIFRENAIRIEEE

FEPNIRDFHENME) 72 ET5RDICAEIZIOTATHD.

7). (1) RO ADRK
R(CHOIAETRZEITOHERDBENZZ/HBTHIC, HDVE, (2) FHEDT -T2y MHIAITOHEEE (45

PEFT RHASZIREE {57 EFIWN—-
(INSA—=F%HENRFET) (ERNIEDZHE T up) (F5Fup)
EF)LICEmurxe EWLWTFFX bE BEEDOF1——>0%
WED)\TA—-SFHFH PN T < ITBI K EFI)IL=E=ER

? I Activation Condensing Beaconed Auto-Regression

Pretrained
Weights

W e R4

https://huggingface.co/docs/peft/conceptual guides/lora https://arxiv.org/abs/2401.03462

https://arxiv.org/abs/2306.14870
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LORA [Hu(Microsoft)+, 2021/06] (PEFT=%14) ©) NTT

- FEFEOBHEEEL CHECLMOZBCEAUSES ORI T5 0k 22853
« @PEFT Tld LORADISA—7#%RDHBDT>Y r DT IAIMNI8 (4~64TZEN—MRHY)
/. merge and unload() ZFIAINETOETIVIN—>HEE

 LoRAIXMEEDIFAZZHA(SE B BE, [Hu(SUTD)+, 2023/04] CIEAFNNEFT> 2 a @D S A\DESZHERE,

(- > N\
W &EBADH 1 45 -MW
40962=16.7M I NonIinearitﬁ I
*XQ*%k") —
Pretrained 4096*8*2=65.5K [ - 2 ],
. ayerNorm K,OlTiB
Weights h = Wx + BAx = OlCEMER]
h = (W + BA)x ’
( Attention
Wmerged 0]
x| | i YTl
Wo LIV.YIW, B,Ag! Attn[EQ, VD
[Hu(MS)] hitps://arxiv.org/abs/2106.09685 . ! | Linear(ZiEMN
[£[H]] https://huggingface.co/docs/peft/conceptual _guides/lora ( LayerNorm

[Hu(SUTD)] https://arxiv.org/abs/2304.01933 \_



https://arxiv.org/abs/2106.09685
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https://arxiv.org/abs/2304.01933

Activation Beacon [zhang(BAAI)+, 2024/01/07] ©) NTT

- Beacon (KEIDIEEIN—I>) NOXARDIEHE. HELU'BeaconhSicEDAERRZBIEEICT D
« LLMOcontextRLICH I3 EMERa=L/k%[2,4,8, -, 1285 FAIBATES (k = 2048~32)
« 34 Nl Isoaring 4k to 400k |Di&ED., FHHTIZ400kETEETLD

I. Working Mechanism of Activation Beacon T -
I sooooosomoososoososoooooooeog Feed Forward
Activation Condensing Beaconed Auto-Regression I T
! Layer Norm h
N

|—AL\ __________ Hg Soft promptsh'S
"1 | beaconEDQKVZEmMaskft TIED.
prefix-tuningfJ(C7TcMMHAISEE 3

; ! Laver Norm Mask (R dDstep-wiseh' R X
L e i 4

|
- T - Qb < Hch/ga Kb — HbW}’{a ‘/b — HbW‘l/

T
https://arxiv.org/abs/2401,03462 A « softmax (mask(Qu{K ® Kp}7)), Vi< A{VOW}T, O« VW, .
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DARE (Drop and Rescale) [Yu(Alibaba)+, 2023/11/06] ©) NTT
e GRIRTINDI0%E LA P OICL THLLM Tl AR A S DB A\ LR RS

+ DAREICENZ/C—ZHEUREF WA IETNE I IBEOFENRITN—SUSE3

 13B LLMsZEF 01— REGEDIXITENENF1—=2J U, N—JHER%ZEER

DARE

8 8@
5

Merged LM
with DARE

DARE |f&7

Merged LM
without DARE

SFT LM for Code :
Standard model merging methods [

SFT LM for Code LM with DARE Code-related Tasks

| Merging models with DARE
Copyright 2024 NTT CORPORATION https://arxiv.org/abs/2311.03099 45
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LLMODEREAEIXEE L LY [0penat, 2023/11/14] O) ntT

Optimizing LLMs is hard

Copyright 2024 NTT CORPORATION hitps://www.youtube.com/watch?v=ahnGLM-RC1Y 46
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I7A>F1—_>0TwALLEWC L ©) NTT

LLMOMSREE. EFIVOIFOFGFOS - 1IETES (What) &, 8RR -IRVICEDETEDSIS(ICHERUE DTS
N (How) DEENTRFES

LIMA [Zhou+, 2023/5/18(CIREFRENDBLEIIC, TrA>F1—Z>F(FTHow JRICERD. FIEN-ZAETILOD
FERTRIBZEODIMENZ W,

What How

(CI[Op53IF: A EDKDIC

D TLDN #esm - B9 DH

Copyright 2024 NTT CORPORATION [Zhou] https://arxiv.org/abs/2305.11206 47



https://arxiv.org/abs/2305.11206

LIMA [Zhou(Meta)+, 2023/5/18] O) ntT

« 100010 FEECEBEINEA VAN A F1—Z 20T 9 TEVVEREREEBUIECEERT
« SERBPILLDE. BOES+ ZIFRENEETHDICE. ZUT. LLMOFBEDRNFA VA NS> F1—=
ST BHIEZFICESNTVRLE RS

4.0
Source #Examples Avg Input Len. Avg Output Len £338- } _____ I- T -} T -} T {
. . 5
Training g
Stack Exchange (STEM) 200 117 523 836
Stack Exchange (Other) 200 119 530 o
wikiHow 200 12 1,811 S 34
Pushshift r/WritingPrompts 150 34 274 o
Natural Instructions 50 236 92
P Auth G A 200 40 334 3.2 - - ; -
aper Authors (Group A) 2K 4K 8K 16K 32K
Dev #Training Examples
Paper Authors (Group A) 50 36 N/A
Test Figure 6: Performance of 7B models trained
Pushshift r/AskReddit 70 30 N/A with exponentially increasing amounts of data,
Paper Authors (Group B) 230 31 N/A sampled from (quality-filtered) Stack Exchange.
Despite an up to 16-fold increase in data size,
https://arxiv.org/abs/2305.11206 performance as measured by ChatGPT plateaus.

Copyright 2024 NTT CORPORATION
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OpenAIRFEEDREEF [openal, 2023/11/14] ©) NTT

o IJPA>F1—-Z2J(FTWhatl GRUWENGEOENM) TEEL THow] (HARFALIAIERIZADEL)

DFHEE(SBELTLS

« DFFRAMOEEL (FIEEOEN) (CIFRAG (Retrieval-Augmented Generation) h&%)

The optimization flow

Context
optimization

What the model
needs to know

Copyright 2024 NTT CORPORATION

All of the above

Add HyDE retrieval + . B Add RAG content to
fact-checking step training examples

B Fine-tune model
Add simple retrieval [l

Try something else

Prompt engineering Fine-tuning
B Add few shot

/ Evaluate

W Prompt

Try something

é
LLM optimization
How the model needs to act

https://www.youtube.com/watch?v=ahnGLM-RC1Y
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RAG (Retrieval-Augmented Generation) ©) NTT

« RFEREEIETETIOANDEVTEXITHFEZ#EEITZ7TO0—-FHNEES [Lewis+, 2020/05]
BT —AR=ACBEFINELLMEZF1—=2J 83 LE. FiLWIBIRZLOIE TE3

Post Processing

“m—
e — —

Client e Question

Framework
Response

&
s ' 1 Contoxtual LLMAYS2E L TLVRL
Seag Data PSR (BT BOABETHEL
?n%?a?d%i%sﬂe%w Py (| g B B B O e |
NI NI ZEH Emb. S "‘1 —ﬁ ”b] "ﬁ "L*] _Tﬂ

Vector Database Original Content New Content
[Lewis] https://arxiv.org/abs/2005.11401
[Figurgligitt o/t derpsRativie . com/blog/2023/what-is-retrieval-augmented-generation-rag/ 50



https://arxiv.org/abs/2005.11401
https://pureinsights.com/blog/2023/what-is-retrieval-augmented-generation-rag/

RAG vs. BERIR UFT [ovadia(Microsoft)+,2023/12/10] @NTT

«  WikipediaDFiFRANR> hDTF AN TEEFRUFTERAGZLEER . MR DIEIRTLQAITIGPT-4 TYERK .

o IJ7A2F1-Z>% (FT-reg) THUWAZEZALE20DE EFONRHNOZ, RAG (Retrieval-
Augmented Generation) THI&EEZLLMICASIUEAHELWVRIECE D<K ANUT )

o GPT-4TTFANNTILU-XUTEZ (FT-par) 33LEEN Lo (RAGICIF=VY)

E}ﬁ EJ{@ Effect of Paraphrases on Accuracy
2L &b .
Base model Base model + RAG FT-reg FT-par FT-reg+RAG FT-par + RAG . .//'/
Mistral 7B 0.481 0.875 0.504  0.588 0.810 0.830
Llama2 7B 0.353 0.585 0.219  0.392 0.326 0.520 oy
Orca2 7B 0.456 0.876 0.511  0.566 0.820 0.826 { I B
0.35 ._\-/-
Orca2dds 5 epochs./\w FH-1X64. _ %
Instruction-tuned FHHEK1e-6 ~ 5e-5. full tuning. < o=
EH72 L. A100 GPUs 448, >+ . — —— ———
Z |\§=256 I\—O\/ # Paraphrases

INSTL—X#
https://arxiv.org/abs/2312.05934

51
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RAG vs. g&EﬂiE D FT [Balaguer(Microsoft)+,2024/1/16] @ NTT

o BEMEN573771) M=) HBLLM+RAGTQRA%RBENARKRL CEEFHD I7A>F1—=24

e GPT-4%ZLoRATZEZURCES. T7A>F1— I MUVEEROF B (CHER) (IEAFRA7%—72%IC
7v7) ToHolco RAGZE>THMRENAZK ENBRVNECARETIFA>F1- 22U THETE TS

o FBH(CHAEINTZQAT—FEUIAREE (XET)Z A HID5-15FEREDEE &N, )

] [N \
=  [& e o) — B
= . v —
- = { , i=
Agri Dataset Q&A Generation Fine Tuning FT GPT-4 GPT-4 based
(USA, Brazil, India) FT Llama 13B

Eval

o

N (o}
RAG GPT-4 GPT-4 based 4 epochs./\wFH- X256
flae 135 El %239 1e-4. LoRA. A100 GPUs
8¥1.5H
Model GPT-4 Fine-tuned Fine-tuned+RAG
. . ?%;_GKEH )

Similar 47% 2% 74% 129552200 h— 0> < B

https://arxiv.org/abs/2401.08406 52M/200*10=1073F< 50 ?
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RIEDX LD ®) NTT

o KIMEEZETIOEMLLT. Z1—-JIRYRNI—-DICLBBEASEZUIBOEIENS,
BERTYGPT-3(CDWVWTHBNUELUE.

o IFEQOKBREEZFBETIORREICDOVT. ChatGPTLLaMA. GemmazN\—X(CF
BAERECODVWTEBNUELE,

s HAEER LR EICAFTEARIESEETINOF1—ZJ OEGRIGRUTEZ Tl
B IRTEERA R IO-FhS0EDME A - &mHi L TVET,
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BX &:BEPFE T Onrr

Copyright 2024 NTT CORPORATION

FEHERENT 1. KRS EETIIICEADH 3 EHERN
BP9 #GTAR, Vision-and- KU RETEIE

Language. AFMEEEETI  .—7—3)Ly BV EEASEBHIE

NTT A IEHRAAZPR -BERT. GPT-3

LSRR E. -ChatGPT. Llama. Gemma

'17DBS) EMEERNE, '18-23 - LLMOF1—-= 4 B8E
NLPEFZE(REBFE2MF)RE

. REEE 2. LLMOYIWVFE-SIILRICSITD
| 5P3 : EENSOIESIE- SEDEBRE LR
" /(S =EEEEROERE IZESEERNIE (3
NTT A REHRAAFTFR - & | FHRLIE(CE A SN FELLMBEERlT
FHERRE. -H XLLMOEZF&Ehm]

IEICE-SP/IPS]-SLPRHIR =EF
£, '19ASIRERFMERE

54



Adgenda ®) NTT

. A>bO5FDZ3>

- B2

- BOBXLLMOXTE : Google Gemini, Alibaba Qwen-Audio
o SIEIRNE LS (L
o SRR (CEA SNZLLMBEERT

1. Conformer

2. SEREETETIL

3. b=U25ZRAWEEZI X TFE (OpenAl Whisper)
o EXLLMOS=FHENE]

- SEBEFIL

- BERETIL
o X&O

Copyright 2024 NTT CORPORATION 55



=Tyl

Bk BE (bALED HDL)

. BREE
- 2013.3 EHEEBAFAFR BRAEHRR SIaERE €T

- 2013.4- HABEBREKRASTAL, R
- 2021.9 RZEEBARFAFP BERFHAFRA BT (BHRF)

« ARDE . EENSDIEEE - /S EEIFEIROD

FICEFEND

SENDIFEH

- RUBEIRRE

. SERMERME, XL FE-HILREDT

. j)@b I\‘G/QL.:EkEBH%EE%/ﬁErTEE
- FHEEX

- HEANSOEBERREL
- @Ealk

DE%H” =/, EE%Q/I/?E’]/_E_:/E \/

Copyright 2024 NTT CORPORATION
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EMODEXLLMOAIZE : Google Gemini ©) NTT

&~ |

Processing and
undor'“ Ndng
raw audio

Copyright 2024 NTT CORPORATION https://www.youtube.com/watch?v=D64QD7Swr3s & D —Hbks%


https://www.youtube.com/watch?v=D64QD7Swr3s

SIRREZBZESTHLTE, BERTED

Copyright 2024 NTT CORPORATION

> -£:00/ 0:09 ")
N\

recognize the speech, and translate it into English

v

OK. The sentence “DNDFE Uz, HEIITKTECARLET. HEESULZE
BUTHBIDBWIDNEULNETRA. ”translated into English is “I understand. I
agree to go to the countryside. It's also good to experience country life.”

» -2:00/ 0:08 LD
N \S

recognize the speech, and translate it into English

.o

OK. The sentence “Bueno, también podemos considerar algunas actividades
divertidas como los deportes acudticos.” translated into English is “Well, we can
also consider some fun activities like water sports.”

» 2:00/0:10
N \Y

recognize the speech, and translate it into English

— L D)

e

OK. The sentence “3f 7 il 81 Bl Bl U — S BTERIT— TEHEHBAD
1B translated into English is “By the way, I also suggest that we can rent
some bicycles to ride and exercise our bodies and improve our mood".

%

%

'

https://gwen-audio.qgithub.io/Qwen-Audio/

St

DE Uiz WG(LDDZ_C %

Lo

EPERTIEMFT D

» =2:00/ 0:05
)\

— )

.o

Recognize the gender, age, accent, emotion, and speaking content of the person in the audio, and
combine these to answer his/her questions while explaining the reasons for these answers.

"The person in the audio is potentially a male, approximately in his thirties,
from Sichuan, China. The person's emotion is calm, and they say, "What are you
up to? Have you eaten yet?" To keep the conversation engaging without going
off-topic, we can respond with, "Oh, I was just having a meal. How about you?"
The reasons behind this response are as follows: Firstly, we express our concern
for the other person, avoiding any awkward silence. Secondly, we answer their
question, indicating that we are currently occupied and not idle. Lastly, we
invite the person to join us for a meal, which can further expand the
conversation and facilitate communication.

»— 0:00/ 0:03 L DI
\"\

»=0:00/ 0:03 L DI
N

"What are the emotions in audio 1 and audio 2, respectively?”

"The tone of the woman in audio 1 is cheerful, possibly talking about
something pleasant. The tone of the woman in audio 2 is fearful,
possibly discussing something terrifying."

IDEXLLMODAE : Alibaba Qwen-Audio  (O) NTT

=l
- ZEEERa/HER

/-
v

=3


https://qwen-audio.github.io/Qwen-Audio/

RIMODEXLLMOAIE : Alibaba Qwen-Audio (@) nrT

- SREF - BFERE
OSBRI A IR TE D BEO—EDHEIMNL L THDREES

ﬁ b 000/ 1:36 mm—m )
NS
what is it

A solo piano piece. @
ﬁ ok, here is the edited audio @

Describe this music in detail

ll b 2:00/0:04 e————— D)

.o

N\

change “joyful” to “interesting”

.o

This is a solo piano piece. It is fast tempo with a playful and humorous mood. » =:00/0:04 LD}
The piece is in the key of C major and is in 4/4 time signature. The melody is {; VRN
played on the right hand with the left hand playing chords. The piece is a classic

ragtime style. ﬂ

change the person name to “John”
ﬁ Give me some recommendations for similar music.

ok, here is the edited audio
Some similar music to “Solo Piano Ragtime” could be:

1. “The Entertainer” by Scott Joplin

2. “Maple Leaf Rag” by Scott Joplin » -=:00/ 0:04 < @
<k

4.

52

.o

“Ave Maria” by Franz Schubert \ J N
“Fur Elise” by Ludwig van Beethoven @

“The Blue Danube” by Johann Strauss II
All of these pieces are solo piano compositions and have a similar ragtime style
to “Solo Piano Ragtime"”. They are all well-known and beloved pieces that are
sure to please anyone who enjoys classic piano music.

Copyright 2024 NTT CORPORATION  hitps:/qwen-audio.github.io/Qwen-Audio/


https://qwen-audio.github.io/Qwen-Audio/

& XLLM DRI ©) NTT

« BXLLMEBAESLTHD., HRAGHEEZESL TLWEXT
- Hfig . ZSEEF00. SR, RIE/ERIEAE, SRR, —AvSEm. -
- Hpk . ZEESFON. B RE. XLk, XKiRE. -

o ERIDERIBHRIR(CHNTE. LLMELERMIFEHLZ < EATNTNET
- EEFBESIL/LAY
- BEBE)L
- ¥BFE

e ZD/)\—KTIF, EFFEHRUIECEASTNTLDLLMEER T L,
BXLLMOEEDRFEEMZE CBITUET

Copyright 2024 NTT CORPORATION
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B 5 (speech Processing) & (3 ©) ntT
. BEZIE1I—ASTHDOIRW, Dt - B8 - a3 EDNE%EITSRITDE

MamH S ERIZED, BRY 3 Hmh ST LR T2 O

HELLO

=
]

IHELLDL '.

4
4

D

L)? W
=\ [ /7
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SRR (sLvEn) DIRTEH

©) ntT

Bm-to-B= #ER
IF’”E?@

FEimEE

(== (Speech) (=3 (Music) B — % (Audio)
Bk B moaik HAr S DRk BE>—9%A
(recognition) E'-? &ER SEJE 2 NS MR
R HEARHEE ‘E.I%/r N> MUEHEFE
FEoRER - B0l RSB HETE EME AR MeH
:EI)?E EEEEE&F v 2)UIEE HEESREY
EI:FEE@IEEI E%’_‘zl nbuﬁjz ﬁ*ﬁ;ﬂé
=L
r‘zlﬁ;u :”k
45/ S/ S FEHEE
=57 =P==r=75)" IR ixi%’aié
(generation) EE’JDE%IEIEE./E.\EE

BRIRE

Copyright 2024 NTT CORPORATION
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soat I A DPI : ErREa6H ©) NTT

« ANBRICEFNDIXFIEHET DHRY
ZEESI || EEETI > HEOBZBEEBEH D -

—He e
— 1=

=1l YUAANSY=T: It BERBIIINS
(/a/, i/, 2 &E) =ZHEE £ EES UWEEIIZHETE

E’é

—
FI:I

i

\ 4

° E /| n:b\uﬂtd)iﬁ L/ 3@49']
- BEIUEBECHEEEDLIRIE 3, BERe) (CKO>TEBERENEILTSD
- BIEEOXIREIZBEOEN D ZEZ B URVEIE UDVLEEIIHNE SNV - SELEHNARRIR
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ERRIRIDH : BFE ©) NTT

« XFNEANUL. BARERZENT DI ARD

. == A,

(=) and =]
— xr—+ ) xr=t= 2
- HE A .. | TFAR B R = =R R
HSPS HRR = HRAFFED R ED R ED
(HEBNEIR: EEM L) A 4
— | —
FEX M SEEYTIE N, | | SEEmn SERES o SRS
B CDESERE TR AR SRR LR

. BEARKDEEL =D
- ANERPTDORINENE UL ERIRD (BREASHEIRICIIZA~NT S TILOEBRINE)
- 7Ot MORIOERD G, EEREDEUABEHRZHOVNENSD — ERNEBHRRTIR

Copyright 2024 NTT CORPORATION 65
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1. Conformer [Guiati(Google)+, 1520] ®) NTT

i ’é‘?—iﬂfhf(i EIF“/EZH/@)E_'JFEH’] |ﬁ$l§b\tﬁ(g§g
ANEHIE (Cs8 L \Transformer &, BPTRVALIER(C58 L \CNNZEES B CTHIA

HER :
E-Branchformer [Kim+, SLT'22]

Conformer

40 ms rate : ) '
T ' ' { Layernorm ' Layer Norm

[ ) ' ' ) '

i

'

Transfo rmer? ConermerBloss) X + é}
(Xt :------F-_______: ; 1/2x ' L x12
o \i Feed Forward Module i FI:N ) y /
w0msrate $ ; , i
Linear , : 4
1 Convolution Modue CNNZ=ENN , erge
I ) BRTEEE ;l;\\ Transformer
RIR=Z s %gﬂu;:?r; E —Tt : i G Iobal J [ Local } &
Eﬁi'ﬁ B T - E MuIti—Hs:;;Ii osdzllfe Attention i A \ Conformer
SpecAug é ) %/ i 6; ! \ % %HI/E'\.E}
: b e— A x12 \
e E ) FFN
E Feed Forward Module E
. IT.--- .- E
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1. Conformer [cuiati(Google)+, 15'20]

o Transformer(CE D<K EFILICEEARTEESHBEN T L
o Bk IAIICHBITBDERETILDIDERD TS

Method #Params (M)  WER Without LM WER With LM

testclean testother testclean testother

Hybrid
Transformer [33] - - - 2.26 4.85
CTC
QuartzNet [9] 19 3.90 11.28 2.69 7.25
LAS
Transformer [34] 270 2.89 6.98 2.33 5.17
|  Transformer [19] - 2.2 5.6 2.6 57 |
LSTM 360 2.6 6.0 2.2 5.2
Transducer
Transformer [7] 139 24 5.6 2.0 4.6
ContextNet(S) [10] 10.8 2.9 7.0 2.3 5.5
ContextNet(M) [10] 314 24 54 2.0 4.5
ContextNet(L) [10] 112.7 2.1 4.6 1.9 4.1

Conformer (Ours)

Conformer(S) 10.3 2.7 6.3 2.1 5.0
Conformer(M) 30.7 2.3 5.0 2.0 4.3
Conformer(L) 118.8 2.1 4.3 1.9 3.9

Copyright 2024 NTT CORPORATION



2. BREETETI

1. Pre-training v >’

BTS2 0 2 E | il —

(ADESMS T
SNIVER UFE)

>

Copyright 2024 NTT CORPORATION

T

©) ntT

. RBDEES—5DHN SEEDBHEER LTSI L(BETFIL) ZIBE
. DEOENIRIF—IHE TEENSRIET L LT

2. Fine-tuning v

HEWD HE & INT - «

HRTRETIL

P

BEEFTI

;
—

B L ——
»

FEhd D
¥4
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RERNRXESFEEETIV ©) NTT
. HRAKPYROSEETILICED < AS RS 02 B EAA

AN

« BAMIREERECFEY : 6 hEFR(wav2vec 2.0) , ~1000/5BFfEl (Google USM)

¥WERIERZEFIA: wav2vec 2.0 [Baevski+, NeurlPs20] YAV SEBETILZFIA: HUBERT [Hsu+, TASLP'21],
WavLM [Chen+, JSTSP'22], USM [Zhang+, arXiv23/5]

Contrastive loss

E A}

e 1 ﬁ ( F % Acoustic Unit Discovery System
P T T I (e.g., K-means on MFCC) !
Transformer / T : : : ; : :
A A ' A Al v -
Masked | Z, | | Z, | | = | | o | | EE | | Z6 |
Quantized |
representations Q / HUBERT N
[nisntapeech 2 . Transformer || !

representations
[ x | Imsk] [msk] [mskl | x| | x, |

raw waveform |
o CNN Encoder ] |

-
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SREETETILOMR

« IDHTHLEDERT —INSTERMRIRITZESHRE(CHEITD
« EEDBEIRLCIITERL, EBEIEPRBLLEDBHRMEETED

NTT

TABLE VI
WER ON LIBRISPEECH WHEN USING ALL 960 HOURS OF LABELED DATA
& - 0.4
Model Unlabled Data LM test-clean  test-other o -
Supervised - 0.3
CTC Transf [80] CLM+Transf. 25 55 v E - *
S2S Transf, [80] CLM+Transf, 23 5.2 =)
Transf. Transducer [81) Transf. 2.0 4.6 ﬂgﬂi@ D % = & % i
ContextNet [82] LSTM 1.9 4.1 = D = % < |
Conformer Transducer [83] - L.STM 1.9 39 :ET) I/%EZ§ ﬁ [ 0.2
Pre-training / == Egﬁ*i F=s %4
wav2vec 2.0 Large LL-60K Transformer 1.8 33 B PP ot e B>z fa)
HuBERT Large LL-60k Transformer 1.9 33 n - -0.1
WavLM Large MIX-94k Transformer 1.8 3.2 > '
o -
<<
[a)]
Model Unlabled Data LM test-clean  test-other o - - -0.0
1 1 1 1 1 1 1 1 1 | 1
1-hour labeled 0O 1 2 3 4 5 6 7 8 9 10 11 12
wav2vec 2.0 Base LS-960 None 24.5 29.7 Layers
WavLM Base LS-960 None 245 292
WavLLM Base+ MIX-94k None 22.8 26.7 b WavLM Base
. +
DeCoAR 2.0 LS-960 4-gram 138 29.1 ( )
DiscreteBERT LS-960 4-gram 9.0 17.6
wav2vec 2.0 Base L.S-960 4-gram 5.5 11.3
HuBERT Base L.S-960 4-gram 6.1 11.3 = 1 N LI EED 1 b VB | -
WavLM Base LS-960 4-gram 5.7 10.8 DE% |§E7-d\ t 0) =/~ /&HI (Lﬁ(/ 4EE/A |ﬁ $&(3:4EEE (L N
WavLM Base+ MIX-94k 4-gram 54 9.8 = = = - =T =i = — ..
wav2vec 2.0 Large LL-60k 4-gram 38 7.1 7_'* 2 7_'* 1 H§FE5® EE L/t E;EEPTCL to)lﬁlA |ﬁ$&(ilﬁ% (L = iﬂ%
WavLM Large {94k 4.gram 38 66 mags — =
wav2vec2.0 Large LL-60k Transformer 29 58 FET g T :5
HuBERT Large LL-60k Transformer 29 5.4 H=As10 NI L0,
WavLLM Large MIX-94k Transformer 29 5.1 4 Lol D _'_5 /0

Copyright 2024 NTT CORPORATION
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3. b—=D25ZRAWZRIVFIRDIFE ©) NTT

o MERFEMAIROCEICERADTI—4 @Ee7L) 2RE
« BIRBDHIRD%E b= BEHRICIBOHIADCET, B—DFT I1—4 T
FRAQ 1R R0 = RNV DIAFTHMEDD [(kanda+, 157207 4t

V1 4 v ; i
e rll, sy 7‘;\51 <eos> 7‘f, —— 7}62 <eos> _ET:I_: r2, .., r,32<sc> . 741\111«20S>
I::‘:Minimum :_7;" ICE loss
~ CEloss ¥ y
Yl y2 Y
: ! t SE /R g .
Decoder < .s.hg.r_e'q_;, Decoder D d uE%X'ftgg <sc>C
o o ecoder HR%ES
24 DR S AR . N
DIZHIC 5"“5'"1'@@'(1'“'3 - 1DODF]—4T
>3-4 24, SEE A AR
2307;%3 -5 |_Encoder-1 | | Encoder-2 |
= M= = Encoder
| _Encoder |
? t
X et be X ottt b
1 -1 1 1
PG VEYLS PN e G e
5. sl 2 2
’1: :’N2 Tl,...,T'NZ

Copyright 2024 NTT C 72



Wh iSper [Radford(OpenAlI)+, arXiv'22]

. HjjjﬁuéﬁlJ(Lmn/S'/Jb/S'ZOQO HEEFRIY I ZEHBDET
mnnu%gu%l—.lﬂ%(c_'fj_jutb __I-Hb(c_

E /= n:b\uﬂt(c_buz_c =] F':'ﬁl;lnR
FEBEFEDHIRMER

==£

Multitask training data (680k hours)

English transcription
@

7 Ask not what your country can do for -+

“Ask not what your country can do for --"

Any-to-English speech translation
@

7 The quick brown fox jumps over

“El répido zorro marrdn salta sobre "

Non-English transcription
@
= 4

A flof S2f RictEE 1S W Y

[Ehl

He ..
S0 EHe

AL glofl B2t L2qchEed R
No speech

a (background music playing)
J ©

A% (Contextual biasing) ¥°, T+ X hDHT —

Sequence-to-sequence learning

TRANS-
EN CRIBE 0.0

The |quick Evuwn; e

next-token
prediction

MLP.

T
Encoder Blocks

Sinusoidal
Positional
Encoding

: :)—i_

Multitask training format

/. o Al L
previous START OF
EEEY 4 xt tokens F’ TRANSCRIPT |

te;

Custom vocabulary /
prompting
3 ) ([
special ‘ text ‘ timestamp
tokens | tokens | tokens

Copyright 2024 NTT CORPORATION

MLP
Gross attention

salf attention

= )

e et
ML

©) ntT

> B
>

HDFEE

cross attention

self attention

MLP
self attention

J

= Decoder Blocks

j Learned
2 x ConviD + GELU —4—% Positional

Encoding

SOT| EN G| 0.0 | The quick}
S |
Log-Mel Spectrogram Tokens in Mulitask Training Format
o BHETE/FEFESEIR
BIETE/FF3ES
Language X=X o \L
identificaton  Transcription Time a"gnelfanscnpm"
f ) ESEIU or BIR 97
- e ~ = H1lo
(
LANGUAGE || 1o ANSCRIBE —> 009 Ly texttokens > 19 begin |y oxttokens (> M9
TAG time time | time |, \L
‘ TRANSLATE > NO text tokent
SPEECH TIMESTAMPS extiokens II:EI ’ ] Q
v §

Voice activity % X — English Text-only transcription
di‘tz\cg?n  Translation (allows dataset-specific fine-tuning)
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Whisper®D:R:itE

e FRATREZBICHVNTHRSD TURLIXFEEDF

o BEFTI)LDOY—ILAY

Common Voice 15

Dutch Model
Spanish . argewv3
Korean large-v2
Italian

German

Thal

Russian
Portuguese
Polish
Indenesian
Mandann (TW)
Swedish
Czech

Japanese

French
Remanian
Cantonese (CN)
Turkish
Mandarin (CN)
Catalan
Hungarian
Ukrainian
Greek
Bulgarian
Arablc
Serbian

Copyrigh

Indoneslan
Ukrainian
Turkish
Malay
Swedish
Mandarin
Finnish
Norweglan
Romanian
Thai
Vietnamese
Slovak
Arabic
Czech
Croatian
Greek
Serbian

FLEURS

BIE 7T ERK
RHESNTHD, #HTHHHEAEE

Model
. |arce-v3
large-v2

https://qithub.com/openai/whisper
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BEHEIATFE : OWSM [peng(cMU)+, ASRU"23] ©) ntT

« Whisper(ZHBEDBARFIRET —FTEZ L THD, FZ D)\ DIE3IENH
o BAKFEZLIC., WhisperBIRSEMIATTNED SN TS

o : 9 .

Dataset Language Metric OpenAl Whisper OWSM vl OWSM v2 OWSM v3
hours small medium hours result hours result hours result

English 438k 9.1 10.2 22k 13.7 67k 6.7 73k 74

Spanish 11k 9.1 6.1 0.1k 37.2 1.0k B B 2.0k 11.7

French 10k 13.6 9.7 0.3k 41.8 1.3k 13.0 2.5k 14.1

- Y- German i 13k 115 8.1 0.2k 433 2.2k 11.8 3.7k 11.9
Multilingual LibnSpeech |\ - WER 1y 182 122 0007k 787 16k 169 17k 177
Italian 2.6k 21.3 15.6 0.04k 549 0.3k 23.1 0.7k 245

Portuguese 8.6k 13.8 8.9 0.009k 909 0.2k 318 0.3k 28.2

Polish 4.3k 12.5 6.8 0 NA 0.1k 89.7 0.3k 37.0

AISHELL-1 Chinese 23k 25.1 15.7 0.2k 226 15k 59 16k 7.1
KsponSpeech eval-clean ) Y 240 17.6 20.5
KspouSpeech eval-other 0ot CER & 154 128 » e W Ny R G
ReazonSpeech Japanese 7k 325 25.3 =0 NA ~0 NA 19k 113
— 1

—EBDFHES — ST
whisperZ [0l 35R:845E
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SXLLM &

« BEANFREEEHDELTIRSZENTESBLLM
- 2024/31R1E, MU (FHRA
Multimodal LLM, Audio-Language Model (Qwen-Audio/Pengi),

Audio-LLM (LTU/LTU-AS), joint Speech and Language Model (sL™m), -

o AEDVOMRT—HICLD, BRAIZRFENMFE

- AHADELY
ZI12f% (Audio Understanding) : AN, T+ X b
B4R (Audio Generation) . TF X horg AN, BN
- WHRF—4H
BE, 85X, 5%, TNsoiaed, -
- EFILODIED S

LLMICE ORI BN
BEFHER S TEONSILFE—IILEFIESE
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& XLLMoDB! ©) NrT

o HIEME
— WavPrompt (Univ. Illinois, '22/3)
— SpeechPrompt v1 / v2 (National Taiwan Univ, ‘22/5, ‘23/5)
— Pengi (Microsoft - CMU, ‘23/5)
— LTU-AS (MIT - IBM, ‘23/9)
— SLM (Google, ‘23/9)
— Qwen-Audio (Alibaba, ‘23/11)
o« BHHEMK
— AudioLM (Google, 22/9)
— VALL-E / VALL-E X (Microsoft, ‘23/1, ‘23/5)
o SIEfZ & EEMK
— SpeechGPT (Fudan Univ, ‘23/5)
— VIOLA (Microsoft, ‘23/5)

— AudioPalM (Google, 23/6)

_ , X B EHIHE (arXivad)
VOXTLM (cmu, '23/9) X AudioZ SO VILFE—HSILLLM(AI : ImageBind) (EBR+
— M2UGen (NU Singapore, ‘23/11)
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AudioGPT [Zhang+, arXiv'23/4] @ NTT

iR S=00, MR, SE0d, - / £l EESK, 5k, INEEK,
1B R ZChatGPT T LE EQXG%‘:T&E 9204¥1b%_“)b7zswitch
- BXLLMEWS KD, BEMRHuggingGPT [Shen+, arXiv'23] (ZiIELY

o TE=5Hl(FREN

AudioGPT Task | Input Output | Domain Model
) Speech Recognition Audio Text Speech Whisper (Radford et al., 2022)
Task Analysis - Speech Translation Audio Text Speech MultiDecoder (Dalmia et al., 2021)

DiffSinger (Liu et al., 2022a)
VISinger (Zhang et al., 2022b)

S h R iti = Style Transfer Audio Audio Speech GenerSpeech (Huang et al., 2022b)
Modality T f i Speec h Tecogln 't.wn Whisper Speech Enhancement Audio Audio Speech ConvTasNet (Luo & Mesgarani, 2019)
0CATLYSITANSIOTMATON.. (opeecn Teansiaron . MultiDecoder Speech Separation Audio Audio Speech TF-GridNet (Wang et al., 2022)
Text-to-Speef:h LLM LESFOR S\ fake-An-Audio Mono-to-Binaural Audio Audio Speech NeuralWarp (Grabocka et al., 2018)
. —_— Text-to-Audio S m— .' VISinger Audio Inpainting Audio Audio Sound Make-An-Audio (Huang et al., 2023a)
</ . .ee S Sound Extraction Audio Audio Sound LASSNet (Liu et al., 2022b)
Audio Inpainting DiffSinger Sound Detection | Audio Event | Sound Pyramid Transformer (Xin et al., 2022)
Response Generation - Talking Head Synthesis | Audio Video | Talking Head GeneFace (Ye et al., 2023)
Text-to-Speech Text Audio Speech FastSpeech 2 (Ren et al., 2020)
Eva[uating Multi-modal LLMs Text-to-Audio Text Audio Sound Make-An-Audio (Huang et al., 2023a)
e Audio-to-Text | Audio Text | Sound MAAC (Ye et al., 2021)
Consistency Capability Robustness ‘ Image-to-Audio | Image Audio | Sound Make-An-Audio (Huang et al., 2023a)

Singing Synthesis Musical Score  Audio Music
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WavPrompt (cao(univ. 1liinois)+, 1s'22]

- B bEYOHE

to catch a glimpse of the expected train.

AN A NN NN

[ Autoregressive Language Model
Audio Encoder [ Text Embedder ]
) rtTtTrrTrrrr AR
--ll‘l-‘l“ll— What did the speaker say? to catch a glimpse of the expected train.
[Transcription] Question prompt y? Answer y*
to catch a glimpse of the
expected train.

(a) Interface of WAVPROMPT during pretraining.

4

[ Autoregressive Language Model ]

HISEESEEENEEEEENEREEEREEEE
[ —f T )

[ Audio Encoder ][ Text Embedder l [ Audio Encoder ][ Text Embedder ]

) A ) A
_,..lh o The speaker is *Il“'*““'_ The speaker is
describing a woman. describing a
L —

[Transcription] [Transcription]
A woman in a red suit. A man climbs a mountain.

N——
Qn prompt & Ans Qn prompt

Task Demonstration Test Question

Copyrig (b) Interface of WAVPROMPT during inference.

©) ntT

« FBBEAHEEFI> IS +BCEFELLMTO—4 TEKNDIETIL

Table 1: Classification accuracy across downsampling rates.

{

Dataset 2 4 8 16 32
5h Flickr 57.82 5799 60.27 56.63 52.28
COCO 55.08 58.74 5692 56.62 5379
Fluent 5554 58.88 574 5735 53.32
SLURP 5440 56.23 5394 5485 51.97
10h Flickr 6491 6577 8221 79.23 56.84
COCO 5956 59.18 64.24 5499 55.84
Fluent 6421 7201 79.80 6458 53.41
SLURP 5595 57.00 68.47 60.53 54.16
100h  Flickr 82.61 88.03 8573 7996 79.40
COCO 6852 67.68 7515 6777 6572
Fluent 8247 8736 89.11 81.12 83.90
SLURP 7205 7207 73.37 68.69 68.63

BRIz
5L\ T
LLM(C5 XD
EHEEME
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SpeechPrompt [chang(nTu)+, 1522] ®) NTT

iR +—D— R, BRIEME, S50 (v2: + S5, BIERH, )
. BRBERERII-YHEN)ZE =02 EUTLLMICAS,
HHEBEARSETRIZEFIRVDERERT h—0 > FR5

Action: Activate . 4: Activate 40: Lights 27: Bedroom
Object: Lights *
Location: Bedroom - Output
A : ¥ X ) :
[ ——— ] . Conditional Generation : 4 40 27 (EOS|
/erbalizer - L e
e
, * . :
m ASR||——> P uLM : ; ; .
[rr] \ Jo - ulLM (Fixed)
L Quantizer J :
Downstream i 1 :
Tasks L SSL Model ) : P P e(71) e(11) e(63) .. e([SEP]) e(4) e(40) e(27)

A A 4 A A A A
71 11 63 . [SEP] 4 40 27

* :
, ’WM : I |
‘ »NM . Task Prompts Discrete Units

Copyright 2024 NTT CORPORATION



Pengl [peshmukh(Google)+, NeurIPs'23] @ NTT

o Hfig: 5QA, BN MDFE, BRIV )L DHE, BesniE, SRRE
. Il%’fﬁ*ﬁ’i@@Lé’#AU NLERFE U TLLMIC AT
o BIL>—5WLLMANINDEREEBDIHFine-tuning

the ocean

[ fg Causal Language Model 33% ] Audio Captioning T AQA T Sound Event Classification T
Model AudioCaps  Clotho | ClothoAQA | ESC50 FSD50K US8K D%iiil :
CLAP X X X 0.826 0.3024 0.7324 0.3
[ ] [ ][ ] [ ] [ ] [ ] [ ] [ ] [ ] Pengi 0.4667 0.2709 0.6453 09195 04676  0.7185 0.338
Profix| /e s s s L e a s slaan - é‘l:;l:;:zaic;:‘; Music T Instrument Classification T Music Note AnalysisT
the waves of the ocean 5 Music Music Beijing Instrument NS. NS. NS.
my mo el L Speech  Genres Opera family Pitch Velocity  Qualities
CLAP 0.2963 1.0 0.252 0.2963 0.2949 - - -
Pengi 0.3525 0.9688 0.3525 0.6229 0.5007 0.8676 0.3728 0.386
ﬂ¢ Audio 9 Text X L. Vocal Sound Action Survei
Encoder 0 Encoder* SoRsin HEERton ClassificationT Recog.T llance.
CRE RAV Vocal ESC50

Model | ya-p DESS Sound Actions | SESA
I ’ CLAP | 0.1784 0.1599 0.4945 0.497 0.7487
Pengi 0.1846 0.2032 0.6035 0.5277 0.5402

W generate audio caption - —-_—»—% . ) - =

b Tomem
il 4
= N KFYE
Z < DY R TEBIFFEZ LEIDDFERE
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Open-ended/Close-ended taskslc DU\T

« Open-ended task : [EI&ZBRHECIR T DY RT
« Close-ended task : |BRIEERNCTISTATY M SIERNT XD
— PengiCIIXEAI TDEDIAHRIRZ AL /ZText Matching T#H# <

Rhythmic crashing of
ocean waves on the beach

I
[ 0} Pengi J
]
ﬁ generate audio

caption

Copyright 2024 NTT CORPORATION

Classes 1

Dog barking

Gunshot

Sea

Sea

©) ntT

Oz awv hEARY M%E
(FBFT—HICEENTULVRNE AR hDFE)

DIERFFERE

~/

Zero-Shot Sound Event Classification T

Model ESC50 FSDS0K USsK DCASEL7
Task 4
WavaCLIP | 0414 0030 0404 -
AudioCLIP | 0.694 0.653 .
CLAP 0826 0302 0732 0.3
LAION 0.91 0.77 )
Pengi 0.92 0.468 0.719 0.338
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LTU-AS [Gong(MIT - IBM)+, ASRU"23] ©) ntT

iR S, BBt 224N\ Med, AN MESEORFEER, -
e BfFioiTT )|/(Wh|sperI/ZI SH+570—4) %W@

) o

Output: The subway sound suggests that it is a busy station with | S o s L e

Transcribed speech: To the left, the second time through they’ll do the

many people coming and QOingl while the announcement same move to the right. We’ll do a series of about five moves. Here
provides information about the train schedule. . we’ve got a 6’9 kid, I expect him to make the same move.

Q: What can be inferred from the audio events and spoken text?
A: The audio event is a basketball bounce while the spoken text suggests
that someone is giving instructions.

LLaMA LLM Q: what is the job of the speaker?

A: The speaker is coaching or instructing someone on how to play bas-
Lora Aadpters T - g -

ketball based on their speech content and the background sounds of
basketball bounce heard.

s s e Q: Where could this audio be recorded?
[Al] [AZ] [A25] [ Sl] [ Sz] A: This audio clip could have been recorded in a basketball court or
B gymnasium where people are playing basketball and speaking.
- - H Alk il
[ Projection M«] ( Text Embedding #*) Sample 4 Subway Station (FSD50K)
= 7 Transcribed speech: This is the transfer point for the Metro Purple Line
| | Text Tokenizer 5‘3\"] to Wilshire Western. Boarding platform is located downstairs...
[ TLTR %] S B ( '? e e Q: What did you healt? A: Subway, metro, underground.
Spoken Text his train’'s S Q: What spoken text is heard?
I destination is | A: The spoken text is “This is the transfer point for the Metro Purple
- Union Station.. Line to Wilshire Western. Boarding platform is located downstairs...”
e A L . _J Q: What can be inferred from the sound and announcement?

A: The subway sound suggests that it is a busy station with many people
coming and going, while the announcement provides information about
the train schedule.
|nput Q: Where is the boarding platform located?

A: The boarding platform is located downstairs.

bbbl e 4 ———————— _ M Q: Which line does this station transfer to?
What can be inferred from the audio? A: The transfer point is to the Metro Purple Line.
c ) I — . . /) Q: What should I do if I hear this?

- A: You should board the next train and proceed to your destination.
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LTU-ASDOEZF—SF ER

« Close-ended tasksld, > L — b+ AFIERSNR)ILTERK

« Open-ended tasks(d, B5i#%Z
(Audio Instruction Generation)

Closed-Ended QA Samples

Open-Ended QA Samples

Q: Identify the sound from the clip? A: Dog, Animal.
Q: Write an audio caption describing the sound?

A: An engine revving and then tires squealing.

Q: What emotion does the speaker convey?

A: Happy, with a sentiment score of 2 (positive).

Q: Can you determine the music genre? A: Folk, Pop.

&

GPT Prompt*: Based on the following audio/speech, generate 10 dif-
ferent types of complex open-ended questions that require step-by-step
thinking, and corresponding answers. Questions can be e.g., How are
speech content and background sounds related? ... etc. Format each QA
pair in a single line as a JSON dictionary. (varies for each task/dataset

Copyright 2024 NTT CORPORATION

GPT-Input: In the recording, background sound of domestic animals,
dog and speech of “Get him going, get him going with it.” is heard.
GPT-Output: Q: What can be inferred from the audio? A: It can be
inferred that the speech is addressing the dog in the background.

SEIEHR

[Hi, my name--- &EELTLVB]
[BnE] [BATWHWS]
[EMESEENKEUL]

GPT-Input: In the recording, background sound of explosion and
speech of “Flames engulfed the tank and began to heat the propane in-
side. Twenty volunteer firefighters...” is heard.

GPT-Output: Q: Why do the speech content and explosion sound cre-
ate a tense atmosphere? A: The speech content describes a tragic event
and the explosion sound adds intensity and suspense to the narrative.

H£5LQA
Q: ENSLEHOIRERUEE ?
A: EATU\D, BCYSHOREMTH

GPT-Input: Speech: “Hi, my name is Jamie and I'm a Master Sales
Consultant here at Northline Volkswagen...”; Speaker gender: Male;
Pitch: low; Volume: very high; Speed: very slow: Emotion: happy.
GPT-Output: Q: What can we infer from the speech content and emo-
tion? A: The speaker seems happy to introduce himself and his com-
pany, and he is delivering his words in a slow and clear manner to make
sure everyone understands what he is saying.

GPT-Input: Music genre: Folk; Music Lyrics: “The man of his dreams
is all that he seems Flowers in sunshine...”

GPT-Output: Q: What mood does this music convey?

A: The music conveys a cheerful and relaxed mood because of the lively
melody and lyrics about flowers and sunshine.

©) ntT

SE CRIUGPTZED TQART Z LRk
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SLM [Wang(Google)+, ASRU’23] @ NTT

i!ﬁ” ES{LE BR0QA (&8 —BEHERSENSEE)
. EERH/SEEPRT—5ICNRT, TFR N> —#%AlpacazBEGHK UFEE

! ; g Instruction Prediction
Text outputs Sure, there are 5 trains going to
' Mcdougal, the departure times are ... Audio Content: I don’t feel well since last night, I had headache and I took a pill of Ibuprofen. I went to bed early.
. ST g . I don’t feel well since last night, I had headache and
Recognize this speech: A
I took a pill of Ibuprofen. I went to bed early.
Text Model What symptoms are mentioned? Headache.
Frozen [ Decoder ] What medicines are mentioned? Ibuprofen.
[ Encoder J What happened to this person? This person is sick.
T Translate this speech to Chinese: MEERRRAKE Bk, BL&E, RIZT HAETF. RBEHET -
= = Audio Content: can you open hay day please
[Ioken embedd‘nrjgs I SP?eCh emboeddings Recognize this speech: Can you open hi day please?
et Recognize this speech with potential mentions -
) Cosnmors “"Hey Ya!”, "Happy Day”, "Bad Day”, "hay day” Can you open hay day please?
Text mpms o Adapter Audio Content: Can I reserve a double-room for 4 nights, for 2 adults and a kid? Also we’d like to add breakfast.
!, How to reply to this E @ Tunable & How would you answer this? Sure, when will you be arriving?
' customer? i How would you answer this if you don’t Sorry we don’t have double-room available for 4 nights. Do you
RSl have such a room? consider a single bed room?
Speech Encoder Est-ce que je peux réserver une chambre double pour 4 nuits, pour
Froron - Translate this speech to French: 2 adultes et un enfant ?
[ Reduced encodings J Nous aimerions également ajouter le petit-déjeuner.
Eenohireduciin _ Audio Content (From NQ dataset): Give the formula for the following substance carbonicacid
Yy [ Speech encoder (frozen) ] How do you answer this? H2CO3 / [Groundtruth: H2CO3 (equivalently OC(OH)2)]
X ) _ Audio Content (From NQ dataset): The resting stage of the cell eyeleis _ ____ ___________________.
EENETEE .. e.cieieieieierimioim e imrnte U How do you answer this? The phase where the cell does not divide. / [Groundtruth:
Speech inputs- | d llke to book a traln t0 Mcdougal A phase where the cell has left the cycle and has stopped dividing]

Copyright 2024 NTT CORPORATION



Qwen-Audio [chu(alibaba)+, arxivi23/11] ©) NTT

. I SEIRAT(EEE/MR, Bis/EEEMRE, ), BIRHE, S5/INEHF
o 2ESPEFE; 1ERPEE---Whisper-likeldt b—20 > R ZERAWEXILF IR TES

TRANS TIMES-
ZH _CRIBE TAMPS ZH | WLT | 0.00 | My | 0.15 | cat | 0.32

T Next Token Prediction Input Training Data

Multi-language transcription
® “What work are you doing now?”
P <10.00I>What<i0.23I>wurk<l0.43I1>ure<l0.451><ISILI><I0.511>....

Any-to-any translation
» “RCBBRUNNRNORE, REEFSENEEMANE"

¥ | remember the reaction of my teammates, who reached ...

QwenlLM 5‘5

Audio caption analysis
» (Background birds chirping and music playing)
 Aguitar tune is played with birds chirping in the background.

Audio keyword analysis
'» (A man speaks Chinese)

Audio Encoder -
“ # Chinese, male speech
Audio question and answer

TRANS TIMES-
SOT | ZH ZH |WLT | 0.00 | My |0.15 | cat
-CRIBE TAMPS » (Sound of acar)

=== _ -\ 7 Q:Are the sounds outside? A: Yes.

~
Multi-Task Training Format Framework
Transcription Tag Audio Language Tag Timestamps Tag Output Instruction
'Z_H] \E_Nl TRANSCRIBE ZH EN 'WORD LEVEL TRANSCRIPTION

TRANSCRIPTION WITH ENTITY
START OF E ’a TRANSLATE DE | | ES TIMESTAMPS
TRANSCRIPTION . INVERSE TEXT NORMALIZATION
[r] [im] CAPTION R
Or

Or ~—> ~—> ~—> >~— ~—> EMOTION
a| (ko KEYWORD A | ko —
START OF (][] y A
ANALYSIS [aneown] o NO TIMESTAMPS —
i e SPEAKER INFO

SONG INFO

Copyright 2024 NTT CORPORATION | _




Qwen-Audio [chu(alibaba)+, arxiv'23/11]

o 2BEPER--BRE/B/BEYIRXD(CKBDHERTEFine-tuning
- BRI TEHBSIBBCET, 1DDOB(CH I BENERBRIEEIC

Types Task Description Hours
ASR Automatic speech recognition (multiple languages) 30k
S2TT Speech-to-text translation 3.7k
OSR Overlapped speech recognition <1k
Dialect ASR Automatic dialect speech recognition 2k
SRWT English speech recognition with word-level timestamps 10k
Mandarin speech recognition with word-level timestamps 11k
DID Dialect identification 2k
LID Spoken language identification 11.7k
Speech SGC Speaker gender recognition (biologically) 4.8k
ER Emotion recognition <1k
SV Speaker verification 1.2k
SD Speaker diarization <1k
SER Speech entity recognition <1k
KS Keyword spotting <1k
IC Intent classification <1k
SF Slot filling <1k
SAP Speaker age prediction 4.8k
VsC Vocal sound classification <1k
AAC Automatic audio caption 8.4k
SEC Sound event classification 5.4k
Sound ASC Acoustic scene classification <1k
SED Sound event detection with timestamps <1k
AQA Audio question answering <1k
SID Singer identification <1k
SMER Singer and music emotion recognition <1k
MC Music caption 25k
MIC Music instruments classification <1k
Music&Song MNA Music note analysis such as pitch, velocity <1k
MGR Music genre recognition 9.5k
MR Music recognition <1k
MQA Music question answering <1k

Copyright 2024 NTT CORPORATION

The Data Format Example of Supervised Fine-Tuning.

<im_start>user

Audio 1: <audio>emov-db/141-168-0155.wav < /audio>what does the speaker say?<im_end>
<im_start>assistant

The speaker says in English, "Won't you draw up, gentlemen.".<im_end >

<im_start>user

What's the mood of the person?<im_end >

<im_start>assistant

Based on the voice, the mood of the person is disgusted.<im_end >
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AudioLM [Borsos(Google)+, arXiv'22/9]

. HRN: BEEMN (EEEES)

©) ntT

« EENB5Acoustic Token(Eossun & Semantic Token(masossu) it L.
DD =D S EREZE R

Acoustic tokens Semantic tokens

SoundStream l w2v-BERT

idual Vector
Quantizer (RVQ)

o
N -g

s ) — ()

Encoder

1 t

; -

Semantic
modeling

Coarse
acoustic modeling

Fine
acoustic modeling

Copyright 2024 NTT CORPORATION

Semantic tokens

Semantic tokens

Coarse acoustic tokens
(from layers 1:Q' of the RVQ)

SoundStream Decoder

Coarse acoustic tokens
(from layers 1:Q' of the RVQ)

Fine acoustic tokens
(from layers Q'+1:Q of the RVQ)
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VALL-E [Wang(Microsoft)+, arXiv'23/1] @ NTT

o HR: BEEAK (E5:EE, O3 v N) (+0XJ>HIL VALL-E X [Zhang+, arXiv'23/5])
- BREBEOREEESELRVWEEZANTDE, TEOAOENEHETIND
— VALL-E XT(3, BHEEDRE ETDHEH, BV EEBDFEHIEANT R E
BiEEEDBISETCOENE HE=ND

Personalized Personalized

Target Speech

Speech 4
t
Audi VA LL' E X Audio Codec Decoder
udio Codec Decoder i
VALL-E (Cross-Lingual VALL-E) A

( )
S S S S S
Cross-Lingual Neural Codec Language Modeling

J
[ |

A S, S, A S S S
Neural Codec Language Modeling

(Y S TS A
4 4 4 4 . . 4 4 4 a
[ S A PO A4 AT LA LSS A 4
: : 7 Multilingual G2P Multilingual G2P Audio Codec Encoder Language ID
Phoneme Conversion Audio Codec Encoder

Source phoneme sequences |

1 1 r r 1

Target phoneme sequences |
|

Text E Acoustic §£
Prompt 5{ Prompt
Text for synthesis  3-second enrolled recording Source Text Target Text Source Speech o L SO bl s

A1
BmEse || Eeern
B0y || #e (WEE

Source acoustic tokens

ozl

H#EEED
s =

=

BrEED

=
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VIOLA [Wang(Microsoft)+, arXiv'23/5] @ NTT

. B SERW, SEPR/ER: EEAN
. &0V IEFBIFERETINEEDTLON 552

Target Speech
9=top TR
t e300V
Vlo L A Audio Codec Decoder
{Source semantic tokens) (Target semantic tokens) |

E E " - n . E
| T O T | 4 4. 4. 4 4. 4 4, 4 ¢

Multi-Task Codec Language Modeling Lo

U S $ 4 4 4 LT Y S $A AN
» ) D “ A B ) @ 4 El D - . 4 4
Language (So:rceac%usucto:ens] ASR MT TTS (Target acoustic tokens)
ID Task ID Task ID Task ID

Audio Codec Encoder RN N
BC>0—457T
t EFRE -
e =
Source Speech E ﬁiimﬂ")—i »
g =an :.55?.73 nJge

Copyright 2024 NTT CORPORATION
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SpeeChGPT (zhang+, EMNLP23]

. HPfg:

LLMADALACE =D 2 ZFIA
o« EEHll(ERZEN

xr=t=

©) ntT

S noai( =22 QA) / R BEREK

Cransoription: T i) B b=
! Hi, my name is SpeechGPT. Nice to : B R AR
| meet you! i Unit (HiFi-GAN)
SUFSINIS 4 I S S I PG s ) Vocoder
[SpeechGPT]: <99> <5> <G9> <597> ...... <31>
| Text-Only LLM
LLaMA
[ @ SpeechGPT ( )
|
[Human]: <43> <2> <B4> <33> ...... <534> —J TSR A
— =224k
Discrete Speech Unit Extractor | Transcription: (HUBERT)
1 Good morning, what is

@ (--|||-----|||----l-lllll-.“n---')”

Copyright 2024 NTT CORPORATION

|
| your name?
s

-

- - -



AudioPaLM [Rubenstein(Google)+, arXiv'23/06] @ NTT

- HBfE: SRR, MR / £ BEEAK, ZEEERAK

o LLMADARAIC(E =T > Z2FIA
o tokenizer(ZEE, tBAFH#THI/5I1—4 ZFine-tuning

© | audio tokens
O | text tokens
- - | pre-trained on text-only data Audio
Embeddings | .---------------o-o-el " ——
Matrix ' ] SoundStorm
P 1O O O| orAudiolLM
" ‘! Decoder-only ! | Stages2es )

[seet Feench English] Audio & text |© © ©© © © O | Text i Transformer | e
: ex 1 . ,
i i ; " ¥ : Text C
SR Tl las tokenizers Je @ © © i Embeddings b 10 O detolf:nizer m;iZm
; Matrix A :

Copyright 2024 NTT CORPORATION 5 https://google-research.github.io/seanet/audiopalm/examples/data/AudioPaLM_promo.mp4
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M2UGen [Hussain+, arXiv 23/11] @ NTT
o PRk BERHETE, -/ EERN: AR, EEIRE, BIG/ KNS ORIAER, -

Here is a music that is peaceful and relaxing

M2UGen Framework ’ representing a peaceful water stream.

(»)
.

N

| The music contains a piano, guitar and drums
which creates an upbeat and lively music.

Generate a music for this scene

Here is a music played with piano and guitar
—_—
®

( List the instruments used in this music
O
)
\

Here is a romantic music played with a piano

Add a guitar to compliment the piano music (b\
=

e
®

Here is a music that is upbeat and lively to

T e : match the video of a live concert.
Generate a music piece that sets a romantic

mood using a piano as the main instrument. < ;)

Generate a music for this video that is upbeat and lively

Copyright 2024 NTT CORPORATION https://crypto-code.github.io/M2UGen-Demo/
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M2UGen [Hussain+, arXiv 23/11] @ NTT
o« VIVFE-HILIZEFTH /| &M I—4 (CEDSKEFTIL

Multi-modal Understanding Adapters

MuLh modal Feature Encoders: /7 1\ LLM as a Bridge Legend ‘
=\ r j \ _ — BFrozen Wl ).:‘L-,u" U"‘v;:r:':[vnnjvu I Textus! Prompt M > ‘
L O | S T ) (s :
Aggrogetor ! J C e ‘ Music Understanding and Generation
‘ | | \_ b < Y, | ‘ Q D:..: e — — = = = = = = = = = = — N
\ (G 2 ) ! [DD‘ g ~ |
‘ || ConviD §§. H | L= e =[] | .
Feature 2 = -t L | AudioLDM 2/ |
[ || Aggregator k£ g | | [ g MazicCian
< < e |
‘ DS J | || -l | i
\ | VA = B I | N | 3 |
\ Tl e 3 (S 00 e | !
ad LI 1 |
- s\ = =) A Ao
77777777 al N e N _ N e

« Music/Video/Image-LLMZ{#E> T: ‘E%EHHHSZ(Captuon) DEBT—FHERK
— FRBASC RTINS ZE BN E Z XTI VT, ENESEIERE - SERERED
FBT—IBERK

JMusicFile <) of MU-LLaMA Model <) [Bj Music Captions
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Gemini [Google, arXiv 23/12]
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Prompt

Here's a solution to a Physics problem by a student.

23. A sicer slides down the frictionless siope as shown. What is the skier's speed at the bottom?

" Finish
Solution: L=60m
p a’lc&gv meang  thod e

The mmxz)u"ﬂjm—rl £
ovgy P“ e Sen & sum: o e brgc(qu/p

and ;t

Try to reason about the question step by step.

Did the student get the correct answer? If the solution is wrong, please
explain what is wrong and solve the problem.

Make sure to use LaTeX for math and round off the final answer to two
decimal places.

Figure 1 | Verifying a student’s solution to a physics problem. The model is able to correctly recognize
all of the handwritten content and verify the reasoning. On top of understanding the text in the
image, it needs to understand the problem setup and correctly follow instructions to generate BIX.
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Response
The student did not get the correct answer. The student made a mistake
in the calculation of the potential energy at the start of the slope. The
potential energy at the start of the slope is given by mgh, where m is the
mass of the skier, g is the acceleration due to gravity, and h is the height
of the slope. The student used the length of the slope, L, instead of the
height, H, in the calculation of the potential energy.
The correct solution is:

The conservation of energy means that the total energy of the skier is
the same at the beginning and at the end of the slope.

At the start of the slope, the skier has only potential energy, which is
given by mgh.

At lhe end of the slope, the skier has only kinetic energy, which is given
by - T mv

Therefore, we can write:
mgh = %mv‘

Canceling out the mass m on both sides, we get:

gh= %w
Solving for v, we get:
v=V2gh

Substituting the given values, we get:

v=V2x9.81x40 = 28.01m/s

Therefore, the skier's speed at the bottom of the slope is 28.01 m/s.
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— Ultra, Pro, Nano(1.8B/3.25B)® 3 DOEFTILHFIT

- Od>7FXbMR: 352000 =20 >
- FEZEF. XK. PDF. ##E. 7XERRLTRVisual/Audio inputz®3E
- AudioldGoogledd&

o FosiiinE (EWhisperld £, Rare WordsHB1EU <

BEEEETS)LUSM (P.70) ZFIH

23]

Foitk CedEDT &

Task Metric Gemini  Gemini  Whisper USM
Pro Nano-1 (OpenAl, 2023; (Zhang et al,
Radford et al, 2023)
2023)
Automatic Speech YouTube WER (1) 4.9% 5.5% 6.5% 6.2%
Recognition fen-us) v3)
Multilingual WER (1) 4.8% 5.9% 6.2% 7.0 %
Librispeech w2)
(en-us)
(Pratap et al., 2020)
FLEURS WER (1) 7.6% 14.2% 17.6% 11.8%
(62 lang) v3)
(Conneau et al., 2023)
VoxPopuli WER (1) 9.1% 9.5% 15.9% 13.4%
(14 lang) v2)
(Wang et al., 2021)
Automatic Speech CoVoST 2 BLEU (1) 40.1 354 29.1 30.7
Translation (21lang) v2)

(Wang et al., 2020)

Domain Truth UsM Gemini Pro Wav
Fleurs  Scotturb bus 403 travels regularly to  Scotboard bus four3 traversed regu-  Scotturb bus 403 travels regularly to -)»
Sintra, stopping at Cabo da Roca. larly to Centra stopping at Cabo de  Sintra, stopping at Cabo da Roca.

Roga.
Fleurs  The archipelago lies 120 km north  The archipelago lines 120 km north  The archipelago lies 120 km north ‘)))

of the Peninsula. The largest is King
George Island, with the settlement of
Villa Las Estrellas.

of peninsula. The largest is Kingurch
island with the settlement of Cua
Losas.

of the Peninsula. The largest is King

George Island, with the settlement of

Villa Las Estrellas.
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mE: wav2vec 2.0 [Baevski(Facebook)+, NeurIPS'20] @NTT
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Acoustic Unit Discovery System
(e.g., K-means on MFCC)
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*ﬁE: Google USM [zhang(Google)+, arxiv23/5] @NTT

« Masked Language ModellCED<KBHOHEiHDFBETIL
« 1000305 /1,000 Bl EOEFZFIA, 2EEOSfEZZEA

Text-injection + RNN-T - Low Resource ¢ ¢ ¢ ¢ i i index
BEST-RQ +
T BEST-RQ + CTC - Long-form d
Supervised ASR loss LAS - Short-form and Speech Translation 897 139 23 4981 2750 6079 codebook
Unsupervised Pre-training Multi-Objective Supervised Pre-Training [irelEnrEn ARy W i EEEPEEiE
transducer ’ ASRIETCO0ET ‘
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Unsupervised Audio from
hundreds of languages, ~10M hrs

High/Mid resource
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100h to 10k per

language
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sentences in over
1000 languages

Unsupervised Task specific paired data
Text data 28B
. Projection
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Masking ﬁ

5% of compute
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