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—RESRiR, JIGEIEEMEFIbenchmarkBViZiT S5, B FERZMIFN)IIZS ek
W, HARERA. BRESESWES, MeXiiPEEaEaE 7 SiEENEEN. BB T8
BERMSIESEM, FIfEEYencode, align, interact and generatef&Z¢architecturegx,
SR call backZ BIRRLRATHEXINEE, ARER—TARELIEPRUEFEREUESE.
B EEMERIREN, BEEH—tbenchmark, EEEREE T EANEIREMEURELR, 1L
KA T Lt EiRkevaluate MLLMEY,

MLLMEZRR
A Survey on Multimodal Large Language Models

Pretrain

T GARBHITITHRES, BBAFTIESXTH)IGEIRE—R D A —XEEREAR
REE, —KE

MHEBRESIE. BIE—REATTMLCHNaE RIFRINASIESE, ERERSNEFHER
BWMLLMAYSNHTERS, REEHTRSTIE, mead—REET—Etemplate+LLM
Captioner (JNGPT-AVyMiEHRAY, MNFXIFERREBNE, BEESATgroundingfls
ARSI,
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EMLLMEBEEIRRERNSHESZ G, TR MRFSENAFIES. TR—MRX—RAHES
185 || E83E Ainstruction, multimodal input 1 response =75H, HANGHESEHSE
IRERN. —RRBEUEANE=RKEE:

* Data Adaptation: MIEEBRIEUESE, HPFEMRKLRIOIEERtemplate, APARTLAGER
instruction template pool, FERATLS, S(ERGPTER, FF

* Self-Instruction: A3 LLM/MLLM SEREMARESLISERIETE. LLaVAZ TIEGARIESEE
WATTER, RRFEAGPT-AREMSIESIESHIE

* Data Mixture: MLLMEZEEEBREBFERMOLLMAYEESD, Rt—ETESRE language-
only user-assistant conversation data 1 multimodal instruction data, FEZEF51E

MLLMSSRALLMEPR IS EBEIRIRMEM RS

XIFEREIR
ERRLSFR, 3INAKRFOOHIE

XERHIEAEEEE NS, MEMFEE: LESIES prompt IWANEIE, REWNELF.
MLLM 1785, IXEHIRERS TR 4%, 125 helpfulness, faithfulness f1&£M, &
FRtrARE LLaVA-RLHF (ER AR RIFEIER/D 4%, RLHF-V B segment-level hallucination
correction HNEHHRIE{RIFXT,
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* MEBESZERMITAERLE, BBAREUREEMANES)IGNEEE

o MERAFIESHRERNBEREK, WEEKET#EIEEESEDYER%, HE8hT
ZROn, BEREXNSIEESEOPERRE]Z. BITERE caption #HIEART LS
R dRIEes, MMSRIEFAIRT.

* MEEMMLLMAG—MIRSSRESERWF, BARERESHA

* WMREMMLLMZHWEENAE, BBAFEERFprompt diversityflitask coverage, BIEEXS
FRPqueryE&#, &BIHESIIRMMNERTINEER. LR SYEE R
4§ caption/QA SRR EEAREN.

* MEMLLMELARMHERIFEREMTFXITT, IPAREFERRTFEUETIMIELTHIpair
data, RRLHAEZSEL.

* MRMLLMBPTFE—MESHIBERIERERSS, EETEIR (EELUSESEAN)
(modality bias) , B—HA 8RR EIGEIREPZESHELRY, HEIEERFE
.

OmniZ&FiA

From Specific-MLLMs to Omni-MLLMs: A Survey on MLLMs Aligned with Multi-
modalities

RIS A

OmniR REFR B/ ESVASN — XARE", BEBR SETHMNZEINIZE LA XA
ZHMIETIMAERL, R E LM ESRESAS.

Alighment Data

X-Text paired datafgFalignment pretraining, HEFEXRBRIEText-Centriccklg, FRIES
IR EtextEBE, B—WESERIOEX-Text#lE, BLAENKRIEESHEUE. BLTIEAFER
interleaved data, tBFIEREE T AL—FIRESIESAIEIE.

Instruction Data

Omni-MLLM AR{FEFE Specific-MLLM FUBRIESISSEIE, TEREBIESIESHIE. =3%X5
P

e Template-based Construction, 8248 cross-modal downstream datasets FIFEN &
WESIEE, MIEEIERS instruction, BINIFRIGESSAIEER audio-visual QA video-
audio reasoning, BfE@ITEIRBUERY instruction-following &=,

* GPT Generation, FoirFEUESESIN)IEMEERFIZEUTER., 40 caption, object
category, segmentation/meta information, FF5& LLM 4 pk cross-modal
instruction, I1X#] LLaVA B8RRI, 1B Omni ERASIRSZANESSRE.

e T2X Generation, IEEEXAIESEEISIES, 18T TTS. DALL-E-3. MusicGen 25 Text-
to-X TEEME S speech/image/music/video FHHEMNNIBIRSIES. HlIa0ie
LLaVA Y Image-Text2Text I§SHEHARY Image-Speech-Text2Text,
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Omni RUEHIEANMNEEE, KREREREERIIZREIEEE ST, multi-branch Omni-
MLLM BTLAS BURSEA modality-specific projector f{Ba34 alignment; uni-branch 1#&#EERSE
— projector Bf, FEIESZIERIAEA4E alignment interference, EItLET{ERA
progressive alignment; BEEURIGETRILN AnyGPT NISBEAEESHY alignment data BRI

£ instruction fine-tuning HER, Omni AMUEBEARESAY uni-modal instruction data, &fE
F3 cross-modal instruction data; —&£T{FE3F multi-step fine-tuning, ZIRIFEINFSIA
BAESTIBIESEE, LARSS1EsE uni-modal 1 cross-modal 8817,

FiREoOMnigIEE

o HIERE Omni EBERIESR Any-to-Any B2/, Omni & cross-modal instruction data
0 cross-modal generation data 4 BEH8" 2844 _EAYRT et 2Rk 179 _EBIREST".

o HEREEMIREREENITT. Omni B text-based, modality-token-based.,
representation-based =284 p/5,; EH token-based ZEZSAEMIESERL token,
representation-based FEE53] signal token representation | decoder condition
vector BIBRET, BELLEIHEXSSFEIRFOMERL loss RIS EREFINIEN AMESENEE.

s HIERASMIMREMNET. I IS, HESHETREGMESEIRRIE, SEIRE
SREN TR, RdRE, BREESIIGIRIIAESEEE, S RMARSRESE, LSS
D4Ef# catastrophic forgetting,

o AIFESEURRTE temporal alignment 8877, XWFSR. 158, SMXEFINES, X8
25 caption 2AEHY; HRRFEREBSIN-MA BRI ENIRRR. RAEE
interleaved modality-specific tokens #1 time-related special tokens &f#i%, FMEN TR
B8 temporal alignment (52

s (RRBFESENIIBEAER, BogisINRE. SMAETURRREIRIESERD text-
paired data ] instruction data RY/A)#R, {EINRR/DESIRSEGE, RENZESHIER
AJBEF=4E bias,

— L HOMN IR PEIRSEFEIERL I
NEXT-GPT

NEXT-GPT U/ ORISR GG OB EIRE : Z1&& encoder, LLM, XEB% diffusion decoder
#HREADN, Ri)llZk input/output projection layers, F{EEST instruction tuning FERF
LoRA fRfi—/ &R LLM 821, 18X claimRAFEFFH 1% 581, LIERNE)IGHNEXRB
7,
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Figure 1. By connecting LLM with multimodal adaptors and diffusion decoders, NExT-GPT achieves universal multimodal understanding and any-to-any
modality input and output. © and Srepresent the frozen and trainable modules. respectively.

Encoding-side LLM-centric Alignment{FEAYZLEAYX-caption pair data, 3 X-to-text
generation task, JIIZBTREEHT input projection layer, Eft#EHRGRES; 1S3UEX—SIERA
“BHER LLM 1)|8— 1 FRBHIZIRZ tokenizer”,

Decoding-side Instruction-following Alignment@/9 71k LLM #itHAY modality signal tokens
REWSSERY image/video/audio diffusion decoder If#, 13X caption pair &, 18
captionfE NI, FRITXIMAYIossSEEFroutput projection layers,

Bfa/&End-to-end Instruction Tuning, 1HEEEIFF % any-to-any instruction following: {+
LRHEIRREIR. HARMEMHEN. TARMRSIEIHERTIMES. X—MRIVEIEMIFES

A

HReny HREE e
Cleaned-
Text — Text RFEEIESIE<EREREN
Alpaca
Text+Image — C =y .
o & LLaVA-150K MHIER,. BT, BEHE
Text+Video — . . .
Toxt VideoChat PUTIERE, ZRISITE
~ e U'\_\qA \E\ S S
Text — Text+X T2M dataset ?ﬂii_?tm?EY,ZMEXEEE
image/video/audio
Modality- N A\
Aality MosIT G ERSAESHNA
switching

ELANIXEBRIT2M BUERIMIETS . BB X-caption pair FREX caption, f5Ig0 CC3M Ef&
caption, WebVid #l37 caption, AudioCaps &4 caption; F—Li&EtR, 8 caption ZREER
ESHAFEK, £ GPT-4 £pEFE. S text instructions; RZ&Z15E text-to-
multimodal instruction data, i@ MLLM instruction data Z{Ri)||G4&EE E B/ SRS E
EXF", {B NEXT-GPT EZL"RIBAFIESERINARE". T2M FlEih LiX—3&RA: ik
ERSIEL PR ATEE .. B e LB, RGZEE text + modality
signal token, MARRANFEZE.



B—NMEEXBEOMEENEIEEREMosIT, £FRA Modality-switching Instruction Tuning
dataset, B3R, MosIT BEEITIEEIE:

1. 1%1+—% Human-Machine XHEEHR.

2. F§ GPT-4 BT XEARIRERES S E, B 100+ topics / keywords,

3. BB S EEEKRMEESTEK, a0 perception, reasoning, suggestion,
planning,

4, 81 conversation 88 3-7 # QA,

5. MANNEGEHMERRT LA REMIETS, HERSELZEE,

6. SXNEREEGR. TR, SRS, M YouTube, 1FRFES, #E Stable-XL,
Midjourney % AIGC TEH#LITERERS,

7. REEEATIRENDIE, 5% 5K ZRE dialogues,

AnyGPT

AnyGPTH image / speech / music &BEE{LEL token, ¥ & LLaMA-2 {53, SAIGFIEE next-
token prediction iJll&. FrLABRIEIRMEIEZOAR" prOJectlon alignment”, T2: IBFEES

A PLEEL token 77, BRANAMEARRMSIESIITT, &EM Anyinstruct ESRSRZE
SFT.

B EMultimodal Alignment Pre-training: ik LLM Z&TE text, image token, speech
token, music token ZEEIZIENIINKR, BHTFESESHANTREIREIEETER, AnyGPT
SRAT text-centric bi-modal alignment dataset: 1HEFMWEAERSCH] text X975, Bl text {F
NFRLINES Z BREEEXITT. X—MERFER T RZMImage-Text and Speech-Text and
Music-Text3E, FHBEFERRHE, EN@Einstruction, 31F:

o X-to-text: BN ERHIAXKE R / BEEXRIES / IStXRER"
* text-to-X: BN BIRIBXRYAERER /1EE / &R

FRLAARRE : 8BRS X-text pair 885, instruction-style next-token prediction #iE, EIRT

IB3EIRE], HTFRZ image/music BERE web, IRFEEKA, ELHIIE pre-training &, X
PR E S RENEUREMER)1%% 4000 steps:

b0 akerrmilll g EaE

text-to-image JourneyDB, LAION-Aesthetics
image captioning LAION-COCO

music AnylInstruct-108k #AJ music £z

ZE&Instruction Tuning, {FRENEEEMIER Anyinstruct-108k, XE—NEH., ZIES

interleaved instruction dataset, /=it 108k conversations, B8 & text, speech, image.
music BERHEES, BnRREFLSEIHEFRIIESR, MARRSED text-to-image
&), image-to-text, 1IEXFIE/ repo #BiBA: base model FASEXIFFIUFMER:, chat model
27 AnyInstruct _Bi)llZk, BFERSESXTE,
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Anylinstruct EE A&

FHER: FREMR N ARNSIESIHE . X—MBRIEKERIEERER/ERIEE, ME%
ik GPT-4 EHE A SESITRMIARIRIE:

1. F5i&it 100 4 meta topics, B AEHE audiovisual scenarios;

2. FA GPT-4 {BiX%t meta topics ¥ FEAK 20,000 NE{K topics;

3. 1R¥E topic &AL conversation scenarios;

4. il GPT-4 RS HIHE;

5. EXHEF, image / music FIENXARTTLAFH textual description BYAZHI.

RN, F—HEANEXERNEE:

user: I & T —kK“BHHEKE ..

Assistant: Xk K&l k...

User: REAAEMRHE XA B AR —BREZM &R

Assistant: ), A pi—E “slow, warm, ambient ocean sunset music”..

XERNERNSREREX TR, SR Text-to-Multimodality Conversion, ##T3K,
FEIEX N AR ESL RS HE

BintES (EHIR

Image DALL-E-3

Music MusicGen

Speech Microsoft Azure TTS

B, ZFiEE, REEE 108k SRELZESXIE, B4 205k images, 503k voice
recordings. 113k music tracks, 534, EEIEMESR text-only instruction datasets HEUE
& spoken narration BUXJ1E, FA TTS ¥ EH 100k voice dialogues,
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VITA FEE4 vision + audio encoder 2%l Mixtral 8x7B L, iHEBIEET. 86E. BEIBMR,
B TTS FURiEERE. VITA BIGSR=AMER: LLM Instruction Tuning — Multimodal
Alignment — Multimodal Instruction Tuning, IS BBHEREENK pipeline BEX=%, &EM
EBAE TN state token RSZHEHAFIGRER RIS I THIAZ EL.

BESEELLM Instruction Tuning(HAAIE SE3XA bilingual instruction data, ¥ 7ia%, AEiE
Mixtralt&EIRg HZE I B

ZEEMultimodal Alignment, BiREEWE. PSR, S50 encoder FYHIHIITFE] LLM ASIA
ZS0E], RIS S RIESSGTS, Visual Alignment{EFRIEUIERE: B= TRSIES, Bh
FRBTIERFERREY. T2 EREER,

Himes &RERE

E&HEA / ShareGPT4V, Allava-Caption, ShareGPT4o-Image. HX synthetic
caption description

LLaVA-150K, LLaVA-Mixture-sample, Lvis-Instruct, ScienceQA, HX

18 A
BRER Q synthetic QA

OCR/EZE Anyword-3M, ICDAR2019-LSVT, ICDAR2017-RCTW, Open-Chart,

127 synthetic OCR/diagram data
TRETEIA / ShareGemini, & Video-ChatGPT #J VideoChat2 &t B ZEIAITER
AT QA QA

Audio Alignment{SEFBAVEIER :

155 HiEe BrY
ASR WenetSpeech, GigaSpeech FIBEEATMSI RN AIEN

Audio Captioning ~ WavCaps fJ AudioSet SL 78  FLIERINESERE T

XBEHIEENSREINE: BAVITARESIMEEHARRA ITEAIRIE, TEEMEHIG=
FRPIAEZFIAEESM. Audio captioning ZIBEHBEINERE. HHES

RaaMultimodal Instruction Tuning, #BEEEHIFZS: RIEXATIESIES, SSBEG/MM
NATHIEE, FEIRFIHEMAZEERAE— N EERZE query, HUEREAF] Stage 2 &
1 FREUERRE, BEMTRNEERNE:

1. BRI IRREPET B AIESERAS, £/ GPT-SoVITS & TTS TH4RY audio
question;

2. /9 image / video / pure text I8 EAE system prompt, EREGR. W, AR ZE
REMSE,

R VITA 92 B Bir2RPT L EEESIRR, MARREET=E. VITABEE MLLM B9
Mg EELAVRZES, EXNe—BEFEES, EFEMEEREEEERMEE., VITAE
XSEBAFRA noisy audio, X—EPDMEIERIER:

1. MBE%A multimodal / unimodal QA FHERIE =B IFE—LaF;
2. XA FHHEAEERERTE query BB,



3. LB KES IR LR E A ;
4. 3 TTS BIREEIIALERY audio;
5. 79 negative audio samples JIIHREIRF XA B R E RIS HIERT",

IXEHE 9 VITA 285CH Non-awakening Interaction, BIARERFP&XRIGEEER, REEHS
HIMTLBTERERSBENEE, 185 noisy audio falEA, HEBERETREITENHTiESERFFEARE

Ro

YRS, YEBIBXIAL state token FERISEFL, IHERZFSXOARREBMAZELE, XJF noisy
audio, B3 EEHMEEYEH EOS SIREI%k, FEtfth{iI5TH noisy audio SIRIAEN
LLM, Z LLM #iBEA)14 target; {BTEHEIEAT, Noisy Audio token#fi24{E4E5k EOS, EiELR
1E%aH,

Qwen2.5-Omni

Pre-training Stage 1: Encoder Alignment, {EFREAIE: image-text pairsflaudio-text pairs,
WBXRE—MERS freeze LLM parameters, RiJllZk vision encoder 1 audio encoder, {EREX
& audio-text 1 image-text pairs, 1.k LLM ZREEMTE-XA, SIR-XAENXITFEE]. XF0
NEXT-GPT BY encoding-side alignment &, #BRICARRIFAESAEFHAN LLM BY[E]
;{8 Qwen2.5-Omni A2 840)||1Zk projector, MEE%E Qwen2.5-VL / Whisper-large-v3 iX
2558 encoder fUEBCFIH—SI%k,

Pre-training Stage 2: Full-parameter Multimodal Pre-training, &##%4all parameters, £

EAMR, BREGHISIESEIE. (ERRNESEMEAZUIT:

iERE s

image + video related data 800B tokens

audio related data 300B tokens

video with audio related data 100B tokens

pure text data T RS RHESEEND

BN || R 40 B4 image-text, video-text, video-audio, audio-text F] text corpus; [ERT
B IEERIRESE R EAES prompt, LUESEZ{XEEF] instruction-following 861, 5
MRS INEZRESIESEIENESES, HFREEEF S audio, visual, textual
information Z/BIAY3ZH.,

Pre-training Stage 3: Long-sequence Training, {FAEK ETXHENE, BIIEFIHKET E
£l 32,768 tokens, 183, BIEMERA TYIEREREEXK token KEFRHIE 8192, BEEIIA
long audio # long video ##E, FHE text, audio, image. video $IEERY EZ 32,768 token
KEHT)15,

Post-training: Thinker BY instruction tuning, {#H ChatML #&=(AY instruction-following
data, BFEPUZE, BATIEMISSEIRSRESEENEER assistant {7/9:
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Himes €M

pure text-based dialogue data FFEEX AN SEE
visual-modality conversation data EG/Amng. Mg
audio-modality conversation data EE/ SRR SE
mixed-modality conversation data SIESRESMA THXE

Post-training: Talker BI=E&)II%. Qwen2.5-OmniRZEEEFINE TTS IR AS =i

Xk, millgk Talker E¥EHRYE Thinker B9 hidden representations #1374 token & speech
tokens, E Talker BEIREI=MER)I%. Talker F—MNEXERAE S multimodal contexts
and spoken responses BIKHMEXSIEEIE, 1 speech continuation task, Eid next-token
prediction ZJ M ETFENESNEE., BAMYEAF Thinker RMURINXARRE, IREINAT
speech continuation, SE_FEfEFAE DPO, 183K, BTG EUEBEZEAERIEAFIGR,
AanEEgatE label noise # pronunciation errors, BIBESE speech hallucination, 7R
XANERR, s =TcEEE:

x, yw, y_ 1

i) ax

X BN A

y_ W good generated speech sequence
y_| bad generated speech sequence

IXUEREARARYE reward score HEF, reward 5 WER 1 punctuation pause error rate §3%, it
Talker {REFE WER, FIESEIESFYI, MNMMMESOTIIASER. Haef=MK
speaker fine-tuning / multi-speaker instruction fine-tuning, it Talker 8258 specific
voices, FHIRFHEEBERE.

—LtBenchmark

MME

MMEEERHIEZE MLLM Z&1EN, £FRE MME: A Comprehensive Evaluation Benchmark
for Multimodal Large Language Models, BRIBFARMIXFE— 1 8MEES], MRERFITE
MLLM BYPIABESD: REANBESIFMARD / #EIERES], 14 DFESS, FH instruction-answer
pairs BERATLRIT, EREEERATFINKER T RIEIEIINR,
MME REESIEEFE IR
o BEEMBFIIFISIIAR, perception B3F object existence, count, position, color &
HitiR5I, thE4E poster. celebrity, scene, landmark, artwork, OCR Z&E4HKIEIR

Bl; cognition MEHE commonsense reasoning, numerical calculation, text
translation, code reasoning,
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o REERIUEIHR. MME AEEERATFEIESERERNE, MEF TRt instruction-
answer pairs,

o [ERIREIIES, B prompt engineering FHi. MME BaEIEEER, BEE—
yes/no [BJ@&, [SENN_L “Please answer yes or no.”, XIEMAIRER : R prompt KE
7, TSR TR RRAYRIRELT prompt RUIELNEES], MASEIGIEMEES]). MME B2
FTEREEE—ERES TMRAFLE,

o FPNERSZENENL. MME BEIHIREIN yes/no, B GPT judge SEA TH SR
FRE.

750 AccuracyflAccuracy+, MME BISSKEHESNIENMAE, — M ERR yes, — &
RE no. XHZITRATIHIREEREE yes SiAUZEIZ no, MNFREREHERE—KERIRA
[AIERERES, BREGRIATERIEMR TEGMTR, mAZMETEN. MME ERENMER:
Accuracy: RENARGTEERER, Accuracy+: IREKEIRITE, REZEIINAIRMNARER
BEXSAEIER.

Video-MME

MME RS ERY R, EFRREEERERR. BRI BingiHa MLLM 258 E/IsEE
I sequential visual data, tRREEANSRFRIBTE. S, E. ETFFHSEEKE. 183
B, S8 MULM EESHEFHFSEGIER, MUERENERO2HE. SRETN, Eit
2 Video-MME,

Video-MME BUEUBIEE AT LAMEIE /S : Diversity: fSREEIZHE; Duration: BEREHKM
30; Modality: s INAE EFREAEM; Quality: ATEE. ALinE. ALRKIE.

Video-MME & 6 NAZE, XEXETH 30 MADZER. XIFRITRIERIZEHR benchmark
RmEIE—FIER, LS, BERREEFIM. BEAIKES A=, W EI—/NT8
#8. Video-MME S MISTAIAL 3 /MA@, SMNEIRERZ 4 158 1 multiple-choice QA, TREEH
ERENEIR, HREREMIASRKIZITHIMFIZEZR. QA perception, reasoning,
information synopsis Z288Y, B3R 7 “question-only"te®E, RIRGRIMALGIIRAET, SEIE
BIOARMEERT, MM shortcut,

Video-MME IEXRAFLNE: video frames + optional subtitles/audio + multiple-
choice question, IFEUfEIRZE accuracy, BEHUIENERZERE 25%, FEHASELLM as judge
AYpotential bias,

Video-MME-v2

Video-MME-v2 & Video-MME HIE4ER KR, TRIRHESRE: EESIEREETIREHLE,
[RE benchmark FiaHI leaderboard 583 s, (EELEENIAE BVIEFIEEE, FEIitb
Video-MME-v2 SEsgiEiE iR BTSRRI robustness ] faithfulness,

TR Video-MME BUZOFHRERD., F—, BIRIT T —1 progressive tri-level hierarchy,
ICASTIR R D ROEEEHRI=E: M multi-point visual information aggregation, %
temporal dynamics modeling, BZ) complex multimodal reasoning; tHHEtEiR, BAMY/aE
BAEITHA", BHF—PREEREEEZ MIRIHERRSER, ERNES, FESES
SELEREZEE, £, BEABRIKTUESN per-question accuracy, MaEfet group-
based non-linear evaluation: {BEXERFA—EFRITE, EXRERE—REXEEPRE—
FHMZSHEIRERY, BRRAEEETBYERIES.
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HUERESHE, Video-MME-v2 REBEMEHNALIRERE: Pk 12 {UtmEE. 50 ihz
reviewer, 3300 human-hours, H&53H% 5 % quality assurance, LA, BMFENEIR
SERBIS ARERZENEREEIE, MBRAEERENTEERSTINEmSEIEFIERS
[ EEE, REESESIMER, 030K IEH, thinking-based reasoning X3S ARZE=AKEIR
B, BFENTRREARI, BEdMnisfPanRmaTbE.

EREEIEEE A LURE FELE.

o 1B FUER / TOIZISH HE—DRERAME., EAEMENSEBE., MR
EIIRERIEE, TI238)A recency-oriented collection, BRI RETIIZ BV,
XEEMAIBR, EEEXLAURIESHIESRT MLLM 7|25 R a0, 1HEBIRI
ERTESCIEMREE ], MARIIZISIZ.

* Video-MME-v2 A2RMEBE,. &6, HFEREMN, MEA—1MEZE taxonomy SRELN
SRR, EANN—RE, XE—RME FTEX DAL 31 NMIRIEZES.,

o EREMPEKIM. IATIRHKL] 10.4 580, 99% /T 20 580, 53% /F 10 2%,
LT B LASZHF multi-point aggregation — temporal dynamics — complex
reasoning X#o3 EESFIRIT

* Video-MME-v2 J£F view count fEA—FELREIEHIES. 183XFiR, SiIFEREE
FNBEER proxy: FRESRTFIIEMEL 483 5, FAEL 355 5

* MERRR QA ZTh group-based construction, f&4tbenchmark&BRERANEETE S
groupiEiE, {BRVideo-MME-v2 UIZE800 MR, MR 4 NI, BN 8 Nk
IW, group-based design BFFh: Consistency group EENHIEEIERI—MRENEE
RIMEEBTEE,; Coherence group BREREE., BARRAIREZLLES, MEL—E
ZYARRAE THRESE, LHRERIUA SRR RAZIEIDTE.

o EIAERNEMA: EHEIKE, /\/NMERASEIEEH = EIsHSR—5, #Hns
BRI ERERBEERK/ER XMEIT shortcut; SBE/DF— adversarial
distractor, XN FHIASKIRIES DR SHUEHEEEREEE, (BX5 ground truth &
—NKRBETTE.

FEURERRA . WREBANMAIREIIND, W (N / A2 BB,
OmniBench

OmniBench: Towards The Future of Universal Omni-Language Models

B MME, Video-MME BXBIFEF: OmniBench EIFFERNEGREMMR, MERHERX
HEERNNENT. B XNASIERSHBRA, 18388MBXM =18 E N RIEEFR A
omni-language models, OLMs, OmniBench BYBEREIFHIRELE B EESIE visual, acoustic,
textual inputs BERITEFERT#HAT recognition. interpretation [ reasoning,

OmniBench REENHIEWERNE : SNEREEVWIKREESEEEES, MARRER
&k BT Shmtasserk. B TIEMBIBE, annotation scheme PIEABENR : S/MNISEAIER
ZBZ=WIRFEE image F audio FEBHESR, MMIHEER benchmark BEIEHERIFSESDHTEE
1, MARSEIESEEN, REEHEEATREN MLLM HEEFHE,

OmniBench €& 1142 4" question-answer pairs, {FEHAZ: (image, audio, text
question) , HIHE text answer, BEIREAIUE—. TFRBEIE 8K, XLEFIMNEKER
MR SEHEREE B E.


af://n895

OmniBench ISR E—ES, MEIE=: speech: AFEIRIR; sound events: JHES
4, BIINARERE. VI, B, music: SRAR. fR%Zaudio benchmark & ASR
8 speech understanding, {8 OmniBench EX X" EE{EABRILENIER. GIIEG+FE

F—Mas, SMHRRIERS. RE. EBiRkE, SREMEE, REFEGSARETHA.

OmniBench fEEIRHIE T Omnilnstruct, €8 84.5K instruction tuning samples, FFi)llZk
OLM BN =S E T3,

MMMU

MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning
Benchmark for Expert AGlI

MMMUATIIERE. £58. BXESHIERSHEERED, mOBER: REREGAFE/
BWAT—H, EEBEI%. Bk 2. EUE. EFE. #HESFURER, THRSFRANRIE
#? MMMU €& 11.5K NMEODKERIZIESIEIRE, K8 college exams, quizzes
textbooks, B 6 ™MZUEFERL 30 4 subjects, 183 4 subfields, HE2 30 HEEREAE
%2884, 9l charts, diagrams, maps. tables, music sheets, chemical structures &,

MMMU HEURASIEE F eI LAHE . W BERTKEE R SRR + SFRENGER". EERY
REBMMTIRGI, M2 advanced perception + domain-specific knowledge + deliberate
reasoning, B3 tBRAMANR, MMMU REFEH benchmark, BERESRBIFIEE, TEM
BERNR, PEEREHTRIUERENRIES. ESHIRARIEREE,

BEHE2LES

MIGEIBEIERNAEE, MLLM E| Omni BIZ0ZEW, M X-to-Text X435 FiiER Any-to-
Any {TREBIE, BHI MLLM EXHEEG. REESHTEESTE, 1HREEE EER
&, M Omni IRESH—PERIEBLREBRANA. B, Y. B8, SRFEESZEEHEBA
., E, NEXT-GPT B9 MosIT, AnyGPT B AnyInstruct, VITA B9 noisy audio / state
token £dE. Qwen2.5-Omni B9 Thinker-Talker DM EZEEE, #BixAE Omni BEHRIBEIIEER
RESEEEI IR L RAY.

—EBANRE: SESHIESHENAR, FREWEEZEHIE, MERITESENEND
fo. MERIEAHIRSIEESEZEMNST, SREMNELHIEESIET grounding, FA4I%;
instruction data JREEEIZEGENTF, preference / DPO / RLHF #UBRAEEBIERFHFSAE
T, MEES, 280, KEXIENRAERLEEENESRERN. IRFE—IESEIER
B. AEEHEERRK, BEMASZ4E modality bias, FMAZIZES. TEKECA,
EERNZESOE. AT7TOMnREEANENMREEARESD, FEEREXIARIHE,. 5§
X R M RAVETHE.

Benchmark BSEH R T IX—m. MME SEERMBEISIARNEES], Video-MME FriasEEK
A, BIEEISFISIRSEER, Video-MME-v2 H—21BId group-based evaluation JUiH—21
MEFERERAESS, OmniBench NEKERAUKMESGIISIMHERER, MMMU REIFN3ER
ERMSFISZESGER, thiiRit, benchmark FREREMIERZHZ/E", MEMDEIE
5): BREFRENFIRTSIESIEE? 256N E. BIRES, BRI TIaEHE?
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£ benchmarking AE, AN TFUERBSHAE N EIMEENTNSESENS S EE
Ao —NFRY benchmark REERZMESME, MERLEFERE. A shortcut, RS
shortcut #1 prompt engineering TRAY T, 5/40 Video-MME £t question-only 1§25,
OmniBench EREZEM/ARRHKEESAIESR, Video-MME-v2 j@IZ group-based evaluation
THE—EUEANS PR, XEIRTHRNAA benchmark FEREFHIAMREZERFIA T SRS
' MARRIESLNE)IHCIZBER. B, 1TRSIFEABERERMA accuracy, IRNXKE
BREERK T, iEshsS. BIESIHERES. OniabifiEE—Eit LRI,
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