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01 The existing methods of KO&KR

KO(Knowledge Organization) A KO 4.0
Model Trianing for
A KO 3.0 vertical domains
Ontology Design LLM&MLM&MLLM
A 020 CIDOC-CRM. O
A KO 1.0 BIBFRAME. EDM.
Metadata Schema SchernaBIBExt
Classification DCAP;DCAM O
Subject Heading O
Thesaurus O KR(Knowledge Representation)



The Multimodality of Cultural Memory Resources and EXisting KR Method
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text annotation (TEI+XML)

keyword
match
retrieval

P A—rrg pe
PerEe | Mo i B o fi 4 %812441 812441
PRy | HC | b e #4812494 812494
PN | B b ] 4 44 1:829929-31 829929-31
MEoC s | A | bR B | 4899830012-17 | 830012-17
HEACAHE | M| Ll SR |4%753995-4002| 7539954002
B | B e ] o 44758489 758489
WA | M| R e | #99754003-06 | 754003-06
BT | [ b MR | £279829046-53 | 829046-53
Wordif | x| besng | 4582982230 | gpggpp-g0
M ML | Ll e | 495828004-08 | 828904-08
b dedit | #89%754011-15 | 754011-15
1 i i 8¢ 863326-35 863326-35
il e | SR GT54016-21 | 754016-21
I-ifE ) T | %9 %795539-48 | 795539-48
l-ifp bl di | #95795549-51 | 795549-51

medadata schema and structured data (csv)

3

xmlns:cdoc="http://www.cidoc-crm.org/cidoc-crm#"

xmlns:eac-cpf="

xmlns:foaf="http://xmlns.com/foaf/0.1/"
xmlns:lgdo="http://linkedgeodata.org/ontolo capital" >
<rdf:Description rdf:about="
http://data.library.sh.cn, resource/instance/gh7aewao687yvb8q">
<bibframe:label>¥ A< /bibframe:label>
<dct:type rdf:resource="
http://data.library.sh.cn
<dc:type>¥A</dc: type>
<j.0:work rdf:resource="
data.library.sh.cn/entity/organization/hpOhiljrwsdvneQu"/>
<dc:title xml:lang="zh-pny">Bai Tian Chang He Ji Yi Juan</dc:title>
<pmb:classification>#E %84 HhJy $E W </pmb:classification>
<bibframe:extent>1</bibframe:extent>
<bibframe:edition rdf:resource="
http://data.library.sh.cn/vocab/edition/chao-ben"/>
<bibframe:contribution rdf:resource="
http://data.library.sh.cn/gj/resource/contribution/p7cept5lazzkktul"/>
<dc:subject>#E HHE HhJy W </dc:subject>
<bibframe:creator rdf:resource="
http://data.library.sh.cn/entity/person/sqj5xv2ci3keOagn" />
<rdf:type rdf:resource="http://pmb.library.sh.cn/ontology/Instance"/>
<dc:creator>® ¥ ¥</dc: creator>
<bibframe:classification rdf:resource="
http://data.library.sh.cn/gj/classification/ozxoxx5uiyx« 2" />
<dc:title xml:lang="cht"> MR -FH</dc:title>
<shl:source rdf:resource="
http://data.library.sh.cn, resources/collection/9s27ihnhufwn952u" />
<dc:title xml:lang="chs">[ H{BRAIZE ~F</do:title>
<bibframe:instanceOf rdf:resource="
http://data.library.sh.cn/gj/resource/work/wk2dmk0h6z1k0pid" />
<shl:description>#(#£24k</shl:description>
<bibframe:dimensions>25.3x16cm</bibframe:dimensions>
</rdf:Description>

wvocab/sourceType/chao-ben"/>

~</rdf:RDF>

ontology and semantic data
(RDF/KG)

entigy/concept match
retrieval




GenAl—driven methods of KO&KR for multi—modal resources
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GuQin Subtractive Notation and the multi-modal
resources
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l GuQin Subtractive Notation and the multi—modal resources
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I Ambiguity ,ambiguity and uncertainty of GuQin Subtractive Notation

multiple characters of one notation different playing styles of one notation
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Il Scenarios of KO&KR for GuQin Subtractive Notation resources

Scenario 1:Notation recognition

* Notation character recognition:
identifying Notation names

* Music Notation recognition:

context recognition to identify Notation
characters

Scenario 2: Notation interpretation
Explain the playing techniques and styles
Scenario 3: Notation transformation and

creation

Scenario 4: Cross modal retrieval

Notation & Music Search cross-modalities
Scenario 5: Cross modal generation

* Teaching and trainning:

Recognize and Interprete the Music
Notation, Distinguish the sounds one played,
Demonstrate how to play it correctly.

* Music creation:

Generation of new music (music notation,

audio, video)
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The basic pipline of Ontology and GenAl driven
implimentation for KO&KR for GuQin Subtractive
Notation resources



I 03 Ontology—driven KO

Ontology Model
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I 03 Ontology—driven KO

Ontology Vocabulary

% Class ¥ Label 22 SubClassOf JEHEProperty P4 Label BB, ProperyType HDomain fiiFIRange
WFAFK gg:notationName Data Property gq:SubtractiveNotation rdfs:Literal
AKIEIZ % | gq:CulturalMemoryResource | rdf:Resource
i dc:description Data Property gq:CulturalMemoryResource rdfs:Literal
LJE%? gq:SubtractiveNotation gq:CulturalMemoryResource B gq:marker Data Property gq:SubtractiveNotation rdfs:Literal
PEH%{ gq:lmage gq:CulturalMemoryResource %8 gq:string Data Property gq:SubtractiveNotation rdfs:Literal
I F18 gq:finger Data Property gq:SubtractiveNotation rdfs:Literal
%ﬁ gq:Audio gg:CulturalMemoryResource e S gq:category Data Property gq:SubtractiveNotation rdfs:Literal
A gq:Video gq:CulturalMemoryResource T HR g gq:rightHandTech Object Property gq:SubtractiveNotation gq:SubtractiveNotation
: P = 1 1= gq:leftHandTech Object Property gq:SubtractiveNotation gq:SubtractiveNotation
SCHRAE :Work :CulturalMemoryResource
i gq - y MRS gq:standardChar Object Property gq:SubtractiveNotation ga:Image
é’%jﬁ'jcmk gg:Instance gq:CulturalMemoryResource WA I gq:videoResource Object Property gq:SubtractiveNotation gq:Video
i gq:MusicNotation gq:CulturalMemoryResource TR gq:audioResource Object Property gq:SubtractiveNotation gq:Audio
% 7 15 95 gq:imageResource Object Property gq:SubtractiveNotation gq:Image
i fE . g 1] s} ] dct:created Data Property gq:CulturalMemoryResource | gg:Temporal
T fi gg:Annotation gq:CulturalMemoryResource FATH dc:creator Data Property gq:CulturalMemoryResource | rdfs:Literal
AW gq:Person foaf:Person TEE dct:creator Object Property gq:CulturalMemoryResource gq:Person
HT]EH i . 4 dc:title Data Property gq:CulturalMemoryResource rdfs:Literal
7, / / / Ui dct:source Object Property gq:CulturalMemoryResource gq:Instance
gﬁﬁﬁaﬁ% e ) Hefit gq:annotation Object Property gq:CulturalMemoryResource gq:Annotation
5 R gq:lmage gq:CulturalMemoryResource;shema:ImageObject Hi % gq:hasMusicNotation Object Property gq:Music gq:MusicNotation
%/ﬁﬁdﬁ gq:Audio gq:CulturaIMemoryResource;schema:AudioObject 4 foaf:name Data Property foaf:Person rdfs:Literal
ipa gq:AbbreviateName Data Property foaf:Person rdfs:Literal
AT 5% U5 gq:Video gq:CulturalMemoryResource;schema:VideoObject ) i i i i

Xia Cuijuan.Phased achievements of doctoral dissertation research of School of Information Resources Management; Renmin University of China




ll 03 oOnto

ogy—driven KR

Application Profile

JBVE Property #7% Label 1%, Domain {iE Range FFHiA UsedWith T EUE ExpectedValue W41 Mandatory T B & M Repeatable
TEEHR gq:notationName gq:SubtractiveNotation rdfs:Literal gq:SubtractiveNotation rdfs:Literal Y N
i dc:description gq:CulturalMemoryResource rdfs:Literal gq:CulturalMemoryResource rdfs:Literal N N
Bk gq:marker gq:SubtractiveNotation rdfs:Literal gq:SubtractiveNotation rdfs:Literal N Y
5% gq:string gq:SubtractiveNotation rdfs:Literal gq:SubtractiveNotation rdfs:Literal N Y
BT F45 gq:finger gq:BasicNotation rdfs:Literal gq:SubtractiveNotation rdfs:Literal N Y
N gq:category gq:SubtractiveNotation rdfs:Literal gq:SubtractiveNotation rdfs:Literal Y Y
HF e gq:rightHandTech gq:SubtractiveNotation gq:SubtractiveNotation gq:SubtractiveNotation gq:SubtractiveNotation N Y
2o F Rl v gq:leftHandTech gq:SubtractiveNotation gq:SubtractiveNotation gq:SubtractiveNotation gq:SubtractiveNotation N Y
WERS gq:standardChar gq:SubtractiveNotation gq:Image gq:SubtractiveNotation gq:Image Y N
A gq:videoResource gq:SubtractiveNotation gq:Video gq:SubtractiveNotation gq:Video N Y
BIGER gq:audioResource gq:SubtractiveNotation gq:Audio gq:SubtractiveNotation gq:Audio N Y
ESEES A9 gg:imageResource gq:SubtractiveNotation gq:lmage gq:SubtractiveNotation gg:lmage N Y.
A 22 st 1] dct:created gq:CulturalMemoryResource rdfs:Literal gq:CulturalMemoryResource gq:Temporal N N
FEHE dc:creator gq:CulturalMemoryResource rdfs:Literal gq:CulturalMemoryResource rdfs:Literal Y Y
FEHE dct:creator gq:CulturalMemoryResource gq:Person gq:CulturalMemoryResource gq:Person Y Y
i dc:title gq:CulturalMemoryResource rdfs:Literal gq:CulturalMemoryResource rdfs:Literal Y Y
A dct:source gq:CulturalMemoryResource gq:Instance gq:CulturalMemoryResource gq:Instance N Y
AR gq:annotation gq:CulturalMemoryResource gq:Annotation gq:CulturalMemoryResource gq:Annotation N Y
Hi gq:hasMusicNotation gq:Music gq:MusicNotation gq:Music gq:MusicNotation Y Y
W4 foaf:name foaf:Person rdfs:Literal foaf:Person rdfs:Literal Y N
\,??IJ%_I o iz gq:Ab revieithame foaf: Per on rdfs:Literal ; o Ifoaf Perspr] 2 rdfs:Literal e Y “ i e
AL T TaTT. P S ER ARG VETTETIS T IR tOTal UiSSEr o RESEaT T 0T SEIRE IO Mt ioT RESTHERES METTEETTERL, REMMIT UMy r,$|[y I EALE




Il 03 Ontology—driven KR Encoding as Triples

<snl> a gq:SubtractiveNotation;
dc:identifier "snl";

gq:notationName " K /\EEPT ",
gq:category "i A FEF"; / \
doxdescription " 72 - 455 /\BCTE SR FI A T A A5 h A1 SDBEII% . _:l:.
gq:annotation [a gq:Annotation; dcsource "ChatGPT 40" .>; \
gq:standardChar [a gq:Image; dc:source " I Ak AT RS AR FZAF4E" ]

gq:rightHandBasicNotation <bsn1>;

gq:string "PY";

gq:leftFinger "K+5";

gq:leftHandBasicNotation <bsn2>;

gq:marker "\ TL A"

gq:rightFinger "KH8".

<sn1> a gq:SubtractiveNotation

Wi <bnl> a gq:BasicNotation <bn2> a gq:BasicNotation
dc:identifier "bsnl";
gq:notationName "Z£";
dc:description "f3FKFGH N A s EEGZ, " -

gq:finger 7 KI5~ ;
gq:category " FiE T B AR VA I 1

<bn2> a gq:BasicNotation;
dc:identifier "bsn2";
gq:notationName "F%";
dc:description " F %S, NEH. "
gq:category "Ae g LA AE VA

Xia Cuijuan.Phased achievements of doctoral dissertation research of School of Information Resources Management; Renmin University of China



Hll 03 GenAl—driven Prompt Engineering

Test 1: Does the existing MLLMs have the basic knowledge of
the vertical domain of Guqin Subtractive Notation?
Test 2: Can the existing MLLMs recognize the Guqin
Subtractive Notation images and make correct explanations? *.

semini

Test 3: Can the existing MLLMs achieve cross modal

A Gemini Pro

generation of Guqgin Subtractive Notation?

Conclusion: Without professional knowledge of Guqgin Subtractive Notation, it is
impossible for the MLLMs to recognize the notation images; or to achieve multimodal
generation; By prompt engineering, the MLLMs can be optimized. But Only ChatGPT 40
can provide correct interpretation of images, even has memory for the user personaly.

Xia Cuijuan.Phased achievements of doctoral dissertation research of School of Information Resources Management; Renmin University of China



Hll 03 GenAl—driven Baseline RAG

CAQ Anything LLM
B ase I | ne O WA EE R RR TR A TR
L] L]
RAG Pipline .
ask answer ) \
REGRENER, B ES AR ARMETIEREN, BARY, B RREREERATRREITS
T, WEBELE RS, REERAL T8, KMSAEERTEERORANEY, EEERTRREMERTT

A T
3

Hide Citations

- 5 e
datﬂ Sea rCh o B srwsigsEpdt [ aEEAREEE pof
88 guai a
oo
.......................................................................... 8o gugin-llama ERERIEMEE, R A R BRI
88 gugin-llava [
SE ugin-llama-c
88 n REMNACFARR R XN EERFETNRERRIEE.
) ~n CWR e A Ll B e A i L L N
Prﬂm pt = Send amessage

RAG LLM o

Conclusion: The baseline RAG can supplement professional knowledge about Guqin Substractive Notation
for large models. And it performs well in discriminative tasks such as binary classification. However, for

generative and interpretive tasks, it is difficult to utilize the local knowledge in the provided documents.

Xia Cuijuan.Phased achievements of doctoral dissertation research of School of Information Resources Management; Renmin University of China
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The Ontology enhanced MLLM for for KO&KR of
GuQin Subtractive Notation resources

Finetune & Demo



l 04 Finetune (Embedding Model)

Low-Rank Adaptation

Fine tuning Experiment 1:

Model size: 2B; with 5% adjustable parameters
Hardware: Apple Pro M3 48G CPU

Dataset: 96 GuQin Subtractive Notation with
vision-text comparison data (500 images)

train: val 8:2

Fine tuning time: 200 epochs/36 hours
Hyperparameter setting: Ir 5e-6

Fine tuning results: epoch loss : 2.2171 ;cross epoch

loss: 1.6736 ; acc top 1: 0.5556 ; acc top 5: 0.8681

train_loss_epoch 1;-[ i

\

6

5

S

2

0 1,000 2000 3000 4,000 5000 66399 %
“

Run Smoothed Value Step Relative
@® version_2 4.5327 4.5429 99 1.614 hr

version_.3  3.1359 3.1357 899 5.985 hr
@® version_4 2.1985 2.2171 6,399 1.445 day
val_acc_top1_epoch J-F' i

0.6

0.4 f'\

0.2

0 1,000 2000 3000 4,000 5000 66399 x

Run 1 Smoothed Value Step Relative
® version_2 0.2545 0.15 99 1.614 hr

version_3  0.1348 0.125 899 5.985 hr
® version_4 0.5675 0.5556 6,399 1.445 day

%

train_loss_cross_epoch

ra
La

0 1,000 2000 3000 4000 5000 66399 x

Run Smoothed

@® version_2 5.9987
version_3  3.1452
@® version_4 1.6387

val_acc_top5_epoch

0.8
0.6 ’\
|
0.4
I
0 1,000 2000 3,000
Run Smoothed Value
® version_2 0.6411 0.65
version_.3  0.477 0.525
® version_4 0.8745 0.8681

Value

6.037
3.1454
1.6736

Step
99

899
6,399

4,000
Step

99
899

6,399

7

Relative

1.614 hr
5.985 hr
1.445 day

ra
La

5000 6,6399 X
Relative

1.614 hr
5.985 hr
1.445 day

Xia Cuijuan.Phased achievements of doctoral dissertation research of School of Information Resources Management; Renmin University of China
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I 04 Finetune (Embedding Model) Experiment 1 Demo

BiERSHNmERMUTERE
Vector Similarity Search Across Audio, Video, Text, Image based on MLLM

by Cuijuan(Jada) Xia2024-10-19 15:27:38

Choose a model

Input a text query Text

[ Input an image query 49 Audio

1\
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dd Input an audio query
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Fl
Clear Submit e
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Hll 04 Finetune (Embedding Model) Low-Rank Adaptation

Fine tuning experiment 2: I # 8 F ) medemues g ¥
Model size: 2B; with 5% adjustable parameters
Hardware: NVIDA 4090D 24G 2
Dataset: 96 GuQin Subtractive Notation with 1
vision-text comparison data (4000 images) e oo e ot ot ot v oo 4
vrskor17 1678 L6672 45509 12w version 17 06409 06305 45539 12h
train: val 8:2 val.ace topi_epoch n valaceztops. epoch 7 I
Fine tuning time: 180 epochs/12 hours
Hyperparameter setting: Ir 5e-6
Fine tuning results:
epoch loss : 1.5672 |cross epoch loss: 0.6305 18 S U [ | S Y S
y p
acc top 1: 0.7923 Tacc top 5: 0.9556 1 e s s | Skt v G v

Xia Cuijuan.Phased achievements of doctoral dissertation research of School of Information Resources Management; Renmin University of China



I 04 Finetune (Embedding Model) Experiment 2 Demo

BiERSHRERMERER
Vector Similarity Search Across Audio, Video, Text, Image based on MLLM

by Cuijuan(Jada) Xia2024-10-19 15:53:58

Choose a model

GuQin_IB-LoRA-180 >

Input a text query Text

A Inputanimage query

/l\

—J
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5k

RiELEE

4 Standard Image

&

44 Input an audio query

1\

—J
BEERE L
JE-
b= iy

Fl
Clear Submit gE
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I 04 Finetune (Chat Model) with text data as instruction prompts

Fine tuning Experiment 3:

Model size: 2B; adjustable parameters
5%

Hardware: NVIDA 4090D 24G

Dataset: 1W+GuQin Subtractive
Notation with 1W+ images and
125W+word prompts

train: val 8:2

Fine tuning time: 160 epochs/36 hours
Hyperparameter setting: Ir 5e-6

Xia Cuijuan.Phased achievements of doctoral dissertation research of School of Information Resources Management; Renmin University of China

‘@ 1O} 1L} AT RR, TAANUTEE. AL, JAAUEAE: BRI, SOFUMY WEMGES Aty AUEEIELIE M OWEWES WIS WE
) = MSE, |k, SiE (EMd AREmPs, WEIlEE. . format(unigque_token, class_token),

'a {8} {1} EHBM: @& HEDE: EF. BERER: Gt SEERTHEZER (AR AGEEER 85 "EE-ERE.
(BiE% ARy —HiSnm 2xl, SHETRIERM, . format(unigue_token, class_token),

'‘a {0} {1} fEAEBM: WG, ERo® XF. GEEEE Mot FIRECETRZESR (AiEE) FABREEREA. Gkl F
FEEF, SNz (HRfEE $0FA#E) . '.format({unigue_token, class_token),

'a {8} {1} WEBM: B, BEDE: AF, EEER: B, FAG. UBFEN. ABE, MWFORT o, 8 EEF0, XEER
8, HEE, IBEZE—EF, BN 'HEREE", ioHE, NE—-8F—k, BTEF—iR, (R} WERHERNTFTTFT RE., [
Eﬂfﬂﬁ]iﬁ, HE?-J:I"iEHiE‘E" iBtR, MBTEF—, FESASHE'TTTT "R2E, AREELESE. ' format{unique_token,
class_token),

'‘a {0} {1} fWHEEBM: B, EBEOE IF. fEEEE Bt SEEEFGEETN, S EEFRNU, NEETFH, ¥EEFU, B
IEIJE HZBHIBS, '.format(unique_token, class_token),

'a {8} {1} BEEEM: WS, EHoE EF. BEEE Bt 8§ CELE—0, NEFM, EmERER, kR (BFEWEIT)
ihth, '.format({unique_token, class_token),

'a {0} {1} fRABM: BB, WEIE XF. E‘Fﬁ?ﬁiﬁi BEth, SEGFET -y, BOEF, EFEREENS, NERETHE,
{EH{EMAAH, IBETAH. '.format{unique_token, class_token),

'a {0} {1} ?Iﬁiﬁd'ﬁﬂl Hg. BhpX XF, EREE Enth, 885524, DA, S82E. '.format (unique_token,
class_token),

'‘a {8} {1} ?ﬁiﬁﬁﬂl e, fehoEE: A, fEEEE Wet, weEes: CESEEEERES. . format{unigue_token,
class_token),

'‘a {0} {1} WHRBM: EEW. H\EoE: EF. EEER EXSth, FEEEL—W, IME—MiFFa, MERESRE, Bt
(iAERESIESE, '.format(unique_token, class_token),

'a {8} {1} BEBM: EB. EHpE EF. BEER EBt, K8, XBE, BETH, 3—iERT

B, '.format{unigue_token, class_token),

'a {0} {1} FWHRBMAR: M. WHEOE XF. EHER @Bt SEERL"S, RT -9, BREF

{il. '.format{unigque_token, class_token),

'a {0} {1} |EBW: 8, \EDE: AF. EEER: Bt 885, M "s, S5, AFEDL, Hh=HE, BUELE, 2
BERNZ E, BEFRIZT. (28 DERELT, BERMET, £HFIZR, (¥0 BEEWE) PEFE, AMNeSELEz DS
S8, dmplETEMNAS, fIILUETENAEN, EhiRzfEsbiiEnz, +8%5f. ' format(unique_token, class_token),
‘a {0} {1} ?:Iﬁ‘ii%ﬁ?: M, WEEE EF, R Bt SEERFDRGER, BIMER. . format(unique_token,
class_token),

'a {0} {1} EHESBM: HE. EROE EF. ERER B8t . format(unique_token, class_token),

'a {0} {1} &R BE, \ED%E: XF, EEEE BEN, '.formatiunique_token, class_token],

'‘a {8} {1} ?r]ﬁ‘?ii%ﬁl Hits. WEL®E AF. R wBth, #A-RETHNM. . format(unique_token,
class_token),

'‘a {0} {1} WHEBM: E. EEmE EF. EEER Bt WhBZE, WERT, BiEaE SENE LR

Fl. '.format{unigue_ tuken, class_token},

'a {8} {1} i:lﬁ‘ii-’S*c'ﬁl Bk, EhoE EF. E‘Fﬁ!ﬁiﬂl iEketh, \BIEE-TE, AERAR, BES~. ' format(unique_token,
class_token),

‘a {0} {1} fEHEBM: HE., ERoX IF. EEEE miet, GE%¥mEMERE, TRMELT

ﬁg, '.format{unique_token, class_token),

'a {8} {1} }jﬁfﬁ-'ﬁﬂ Tk, ERgE: X5, Efﬁiﬁiﬁ Migth, AIEFHZME, S—/FE, '.format{unique_token,
class_token

‘a {0} {1} %‘é‘?ﬁ%ﬂi WE. fEo%k: AF. EEEE WEt, RERWEE, #—Ms. '.formatiunique_token,
class_token),

'a {0} {1} WHEBM: M. B\WEDE EF. ERER #th, SEEFT, HERE, EREE, A

. '.format(unigue_token, class_token),



I 04 Finetune (Chat Model) with text data as instruction prompts

train_loss_epoch 1;[ H E train_loss_cross_epoch D J-F
Fine tuning Experiment 3: e

Fine tuning result:

25

epoch loss: 1.7854; 2

cross ePOCh IOSS : 1.0624; 0 20k 40k 60k 80k 100k 120k 1412:79x 0 20k 40k 60k 80k 100k 120k 141279 X
4 %

Run ™ Smoothed Value Step Relative Run ™ Smoothed Value Step Relative
acc top 1 . O. 61 1 1; @ version_14 2.1568 21534 4799  1.537hr @ version_14 1.5529 15418 4799  1.537hr
@ version_15 2.3593 2.3527 44149 10.88 hr @ version_15 1.9953 1.9839 44,149 10.88 hr
@® version_16 1.7868 1.7854 141,279 1.481 day . @® version_16 1.0658 1.0624 141,279 1.481 day 2
acc top 5: 0.9585
7 7 val_acc_top1_step = 1;[ H I val_acc_top5_epoch [ I

0.6
0.9 r
|| 08
0.4
0.7
02 06
0.5
0 5000 10k 15k 20k 25k 30k 35359 x 0 20k 40k 60k 80k 100k 120k 141279 X
% #
Run + Smoothed Value Step Relative Run Smoothed Value Step Relative
@® version_14 0.7163 1 1,349 1.537 hr @ version_14 0.9025 0.9005 4,799 1.537 hr
@ version_15 0.372 0.3182 11,049 1091 hr @ version_15 0.8844 0.8828 44,149  10.88 hr
® version_16 0.6111 0.4545 35359 1.482 day y ® version_16 0.9589 0.9585 141,279 1.481day D
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I 04 Finetune (Embedding Model) Experiment 3 Demo

BRSO EHEESERE
Vector Similarity Search Across Audio, Video, Text, Image based on MLLM

by Cuijuan(Jada) Xia2024-10-19 16:11:32

Choose a model

Input a text query Text
2 i
& Inputanimage query (4 Standard Image
. =3
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FESIERE I
g -
R L&
Class
~
Clear Submit Description

Flag
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I 04 Finetune (Chat Model) with RDF data as instruction prompts

Fine tuning experiment 4.

Model size: 2.8B

Hardware: NVIDA 4090D 24G

Dataset: 277(96+181) GuQin Subtractive
Notation with 277 images; 22 rounds of
dialogues for each Notation,as instruction
prompts transformed from RDF data.

Fine tuning time: 1000 steps/0.5 hour
Hyperparameter setting: Ir 1e-5

Fine tuning results:

train_loss : 1.1058

{
"conversations": [ "roille™s "user";
{ "content": "RXMEFHEFAFEERTA? "
“Fole™: Muser, },
"content": "XB—TEEREF {
+ e
{
*ro "role": "user",
"co "content": "XMEFEFFIEFAEAZEREMTA? "
}l
{
"ro "role": "assistant",
"o "content": "EXPMHBHFIGEFHNEFFIEMENZHE: MK, "
}l
{
g "role": "user",
g "content": "ERBEXNEERTFIEEFNESNFEREEL. "
}l
1 "role": "assistant",
"ro "content": "EPMHERFIHEFHENIERIEENT: AEFAERE/\BAPNER, AEFAEHRN@IMNEDZ, "
elels)
}l
{ "role": "user",
) "content": "EBBEIFHE—K. "
"col },
}l
{ "role": "assistant",
(. "content": "RXPEHBEFIEEFNEXIEREEUT: “"K/N\FEN"EHERFIEFN—MEE BFELLAFRENEE®RE. “"K"RREFKE,
} 0 COMCENT + X T TaFaVaFATRTFIaE T Al
¢ b
"role": "assistant", {
"content": "X PHBHFIEIE “role": "assistant",
¥, "content": "BRNMEBRFIEIEFNAFRAFES: KE. "
j
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I 04 Finetune (Embedding Model) Experiment 4 Demo

< Deploy

mBEFESIREKER
(GuQin_MiniCPM-V-LoRA)
FHEETR
max_length
2048

P_P
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Clear chat history
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Image .
Upload image
Drag and drop file here
Limit 200MB per file » JPG, JPEG, PNG
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Browse files
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9.2KB

User uploaded image

p
| Fnter your question
\
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I Future work

B Import audio modality into the training dataset

B Expand training dataset scale to 27000+ GuQin Subtractive Notation with
100000+images to enhance the embedding model

B Try the Ontology-driven RAG/GraphRAG experiments to enhance the chat model

B Try the continue pre-training method (full parameters update)

& Launch a web demo for internal testing by experts (end of October 2024)
@ Launch a web demo for opening testing by the public (end of 2024)

€ Chat Model open source on github (end of 2024)

@ Self-made training dataset open source on github (mid-2025)
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