Day3

fEday289YER+, FEXFOmni or MLLMBYZEKT 5 A 1T 7 V. BT, @R )‘—A‘_a-J_Xﬂ:E*”E’J
WGHAT TIRATINE., RB9ER, MLLMZEZpretrain and post training, EREEE518S

FOEFIRITHRL (EZRRLAZE) . MLLM AIIGRz ORBIEARBATITTE LLM, ZAJFiE
LLM 315 HIEH A ; Omni BY3)lIZx 2 D@ IR EF—E IS RS, ERRSA

B, BESE pIRS T E,
FESRAERGD, HITEESER—LEZHEIPIOMNIKRIRANEER, HENPEEISBIRNEA
RIERIGR, FHENFRZOMNANIZER. FRIRERE,

NEXT-GPT
NEXT-GPT:Any-to-AnyMultimodal LLM
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Figure I. By connecting LLM with multimodal adaptors and diffusion decoders, NExT-GPT achieves universal multimodal understanding and any-to-any

modality input and cutput. © and #represent the frozen and trainable modules. respectively.
NEXT-GPTHIA AR T EAY representation-based generation training, BiEAYencoder
and projectiongf;2encode and connect(or called align), ZAIGLLMAE reactzfg, HiH4F5k
A9 modality signal tokens, jBiFoutputZ [FiBiXLEsignal tokenfrepresentationiRETZE
diffusion decoder AJIRf#AYZSIE], FfSH Stable Diffusion. AudioLDM. ZeroScope S4MER4E
PRESAEREIG. SR, AR,

BERIUFIANYGPTRTFHIEBRE, (BRNEE LGB L AR5 : NEXT-GPT #1 AnyGPT
EELLM i 2 el — NME AL ER., BREE TR, XAET:

e AnyGPT it LLM 4R BI#rE7 tokenizer FIESEIAIZ token
e NEXT-GPT it LLM &plfi A HAMESA LAY signal token, FHIAIXA token B9 hidden

representation {E&ERE4
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token BIMRFTEAE. AnyGPTHARRIEMESAItoken, REEARENNAIRNSTH, R

I EEEdetokenize; {BENEXT-GPTARHIsignal token, BIEREIEHIEMEMESHIZEIS
S, RiaFERXEEFIESXINAIhidden statefE/gdiffusion decoderfkfd, FRLABAIAZEEAME
ESBirobjectAiR, MEFREERTAINFE S Edepiction,
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Aundio Aud. Patch Rep. 5 m ] o Concege Aud. Rep.
B||R Blg
N video IS " _ . _ Viden Video
EE '. -ll'”"‘ht » 000 R Bl | - . 7 " Caption Capiion
Video id. Pach Rep. \ —— Cemoept Vid. Rep. i . -
1 Input Projection Predicted Gold Annotation

(a) Encoding-side LLM-centric Alignment

LLAA Ourtput Rep.

Image Caption
Text Response Image Signal Token

Loss

* -Conditional Late ni
_ Denoising Loss

|-‘|
—= ImagE Dll"fuuun -

g ~ Learrable QLu:ﬂr:s Output Projection
Text Rmponw "-bdm slgnal inken 'mdge p'l.'l 1

Imar
Caption- = ﬁ
ulrgnman‘f

(k) Decoding-side Instruction-following Alignment

NExT-GPT 3Fd three-stage learning process: Stage-1 Encoding-side Alignment Learning,
Stage-2 Decoding-side Alignment Learning, Stage-3 End-to-end Instruction Tuning,

F—MERIIZAOZMAMIXITT, #RRAYBIRLEUEEL LS AR EHAEZER Vicuna BEIEARRY
language-like representation, EH3CthgiRalign, NEXT-GPT £ encoder [FEINT— input
projection layer, X/ projection A~Z{& & linear layer, M&™A learnable concept tokens
#0 grouping mechanism AYiELR, BB patch-level multimodal features BB& R, concept-level
tokens, XA LLM, MlIEAIRHER, IEZEAESE:

image / audio / video - input projection - frozen Vvicuna - caption text

ICX AR AE— X B9, prompt frozen LLM SERERIRISIAEIR, XN ERERAZIY
ﬂ(?&jbﬂ& HERE input projection layer 2rJ1JIIZ5A9, NEXT-GPT EfthEpo£EB frozen, &
Eisiclaim, BIBfEAIZ— compatible multimodal tokenizer for the frozen LLM,

BN IGHREHMRSSF. (&S ISLLMIBE—EimageFiES special signal token, &
[5Stage-2 &i)ll4k output projection layer, & LLM #iHHAY signal token representation BRET
%l diffusion decoder BEIEfRRISEF=SIE). IX—BNER loss B=/ 8%

1. negative log-likelihood / cross-entropy: it LLM F=4E1FHRY signal tokens;

2. caption alignment loss: signal token hidden states ££J output projection f5, 5
diffusion text encoder f§ZfY caption representation f#{ Lo %35%;

3. conditional latent denoising loss: ;5 diffusion model A9 latent denoising
objective,



1BX7E implementation details Bi5, Stage-2 R output projection layers 22 learnable, &
fth&B9> frozen,

RaEE(K instruction tuning, 1.HEBIEIFEEM any-to-any instruction following, Stage-3{#
Fg instruction-following datasets i/I[ZRE&> NExT-GPT, FEH LoRA {3 LLM W& ; [Eh,
input projection ] output projection B2 trainable B9, JIIZBEIREERNERD: LR
gold response Z[BJAY cross-entropy, LAK multimodal generation loss,

AnyGPT

AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling
2024528

AnyGPTH, B—AMEFERAXIRAItokenizer, FEFENK AtokenfIBHE, (FERRRFFRIRICIX
—ERAB—MESHItokens, BT Z R, ¥ RELLMFR((ERTEIMNembedding), ARF—
Q1R )IIZGRIRH R RS —AInext token prediction, HEXTFEMABH Tdetokenize, He
XFtokenfIZ—FI4bEE, Eday2i@AAFHEL K.

XFMultimodal Generation, XEFE—ERBENMANAING: AnyGPTHANL LLM E3ZERE
ERMEELETS, MsRA"BN token &hk + BANMA TS HIMMER AR, XEclaimZl: MNREE
if LLM EREZEGSHEMm, SBRNIE, —MEFIIAK, —1NELLM NMERKER(TER
TS (LLM BIERKEIEIEN., S8, BEMBIESXKR, F—EE5EEEMTERERET).
FE—BNERA language model, BHELLaMA-2 7BRAEREISFIXISTTZ/EAY semantic-level
multimodal tokens, ZE_EREnon-autoregressive models 58A%, 18 LLM &I semantic
tokens &R high fidelityflUERZLIESHA, H, visualZSEED tokensixZE|diffusion model
BEmE (MUfseed tokenZE HtokenizerUHSEED tokenizer) , audioZ{ERHY)IEHY
SoundstormBIZSK, FRERIEEncodec tokensiEiHEncodec decoder,

AnyGPT B training #ZOBARER LA—E)IEHE: 8 image / speech / music £ER5EEEULRK
token, REHIIGEE LLM —#, FB&R—AIEEIT next-token prediction Zi)ll&l BiAEG
f9 LLaMA-2, 183X claimiXLesk B ARG token SEIE SER P |4E— M EERTRZE
B, FEAY modality token embedding row 27 LLM embedding matrix eI, A
JETEE4E multimodal pretraining / instruction tuning > H3EAY,

AnyGPT ;&ABi&iHHI contrastive loss. matching loss. diffusion loss &; multimodal
alignment loss, BRIZUIIZBirsEinvEEENESEE:

Then the sequences are trained by the language model using the next token
prediction training objective.

Training SRR NEEMER: pretraining + instruction tuning, F)II&MERIIBIFEEIEEN
SIS ARISF, EANESLA image-speech-music-text £IESEXIEIRERLD, FRLMEERA
text-centric 5REE: ik image-text, speech-text, music-text 23 BIF0 text X43F, AFEIT text
TERIRR, EEISESZENERENT.

To enable the generation from any modality to any other, it is crucial to have data
that is well-aligned across these modalities. Unfortunately, such data is notably
scarce. To address this challenge, we build a text-centric bi-modal alignment dataset.
Here, text is employed as a vital intermediary to bridge the gap between various
modalities.
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XEY 78 TvocabLARK LLaMAFfIprediction layer, BRAFTIEHER token £7E language model
FlGRHEER =8, FHERR reshaping embedding matrix 1 prediction layer Z4), &5
EREREIRIFAE,

We expand the vocabulary with new modality-specific tokens, and consequently
extend the correspond ing embeddings and prediction layer, the newly incorporated
parameters are initialized randomly. The tokens from all modalities combine to form
a new vocabulary, where each modality is trained within the language model to align
in a shared representational space. Apart from reshaping the embedding matrix and
prediction layer, the rest of the language model remains unaltered.

XFLLaMA2E B Efreezefd, MrepoE, f)llGHRIKE{T[IAYfreezefl, load pretrained
ckptfg, Fi%HE requires_grad=False ZZMYR(E, SEREEAILoORAZSEAfinetune:

trainer = Trainer(
modeT=modeT,
tokenizer=tokenizer,
args=training_args,
train_dataset=train_data if training_args.do_train else None,
eval_dataset=val_data if training_args.do_eval else None,
data_collator=data_collator

BBax A pretrainlAtext-centricAYA XI5 7 modalities, {EEIAAERA pretrainFizE—&
RONERE, ELtA S EREERENNEIERTIE. S _MERMinstruction tuningEREEYT
LLaMA2FRE S0 7finetune, FEIEclaim, EHITTIESHMAZE, AnyGPTEIER TR
BEFHZERRNIE S SR TA AR

Transcription :
generate a musie

for this image.
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Auto-regressive Language Model
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.j: muste | 1 speech
| de-takentzer| e nkenizery
1 " Enjoy this l
music plesel ™
LT - sy,
% im il
$ s Transcription :
LT R Enjoy thia
music piece!

VITA

VITA: Towards Open-Source Interactive Omni Multimodal LLM
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XN ERpositionfEfEFIE: the first-ever open-source Multimodal Large Language
Model (MLLM) adept at simultaneous processing and analysis of Video, Image, Text, and
Audio modalities, and meanwhile has an advanced multimodal interactive experience. X &

position VITAR SRS EIHF, EEBRIIN~ERTER:

s EBREFBERFTE wake-up word EiRtHfitA
o HIEBRIFERIZR, FAFUREAFNER, RFEFEAEEATFERRHIOM

Limitation I Limitation IT
Awakening is Necessary Uninterruptible and Audio Support Only
(=7 Iam a junior voice assistant, Wait until agent X X X
[é e N ‘Wh;]lt R vou7 ] T & The capital of France is Paris. ]
WO mitsii~ | (") | ‘0 Whoareyou? ! *0,  What s the capital of France? |
g mitsi- G Q v ey v TR e —— ;
Wake-up Word Button 1st Question 2ed Question
VITA
Multimodal Input Support No Wake-up Word Needed Interruption-Friend

Interrupt and reply to - -
The video you took is beautiful ... itsa . R . the latest question You're wearing a black top and blue jeans,
well-captured moment that showcases ]@Tﬂhnﬁ I]:etterlwdeots 1|;_;-'ol\res which is a classic and casual combination.
(1 several Key elements. Here

[1F vour photographic skills effectively. Here are a few supgestions: ...

P Please rate the | 5 AP { Howtotde | { Forget it, it's too difficult. Take a look |
=4 | video | took. il -a B e e ’! better videos? | i at my current clothes and give me :
oQ T l s | Background = ---------e-eooooo . | some outfit suggestions. i
oaQ 1st Question Noise Zed Question 3rd Question \f
Aggregate Historical Context
State Token -I||II-I-

) Interrupt Generation
[:]Qucr}r Audio Text-to-Speech Interruption L
D Noisy Audio Toolkit
EDowy e i B ER AR [ LT LIEEE < |8

Aggregation

[ VITA (Generation) ] [ VITA (Monitoring) ]

________________________________

I Modality Encoders \
e @ b

Audio  Image  Video Text Environmental Audio

VITAIEEMixtraWEALLM, HBEIIAFIGEAZFRFHBFEbilingual corpusigtfinstruction
tuning, EEVAVITARYZEH, HPSEERM, REREESRZENFN, 2VITA
Monitoringis; FEZEMIBEHEF VITA LI, Generation model tazzaMERF 2]

query; Monitoring model £ Generation model T/ERI ST RES. WNRAFEREEE]
BT HIFHIARGESEE, Monitoring model £B&RY E T HEERHIDE, FiT
A0 Generation model &S, MMERZIES D, MMSZ, RFE—IDEMEZ, —BsChHY
tracking/filtering 4NEB query; HFFEERHINES, FEEFILRIER. BEHE ETHEZS
B query,

VITA i&i+ T =4 state tokens:



<1>: corresponds to the effective query audio,such as “what is the biggest
animal in

the world?”

<2>: corresponds to the noisy audio

<3>: corresponds to the query text, i.e.,the question given by the user in
text form.

YIRS, VITA fBRIRY state token SEEB R, 1HERZISF M NETHHRREIR
. 18X claimiXLs state token HATES L, ARHIERREMERRIREITA. BXHiE
UERE, MEIERT <2> SHEUAL—FETR EOS token; INERAERMFIMTIANR noisy audio, BEIEA
LF4ER,

| ! State Token
! I
Stagel | Stage 11 | (B Query utio Stage III
| Visual (Left)/Audio (Right) Modality Alignment | , . o .
Instruction Tuning | Lshatl [ L udio (kg iy Alignmen | Noisy Audio Multimodal Instruction Tuning
I D B Query Text [P0 aa R - —— R -
-------- I LR L § ii-i-“"--i-i-__ : ‘_'Q‘Ilery'l"ext [ ]:...:l HEN '

ket B e ‘: 1 l 1 T T "_"'""‘_‘._/L """" :

=
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.........

.......................................................................
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I
,l 1 ,. I n
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MLP : MLPF : MLP
|
|
|
|
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1
|
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|
!

“1"” ! L 1 1] AR L
o PPyt iy L e
| n B
| - Visual 6 Audio = .
% ! Encoder I Encoder Sy e
|
e & - E @
. |
Bilingual I I
Pure Text Corpus ! Image  Video Text 1 Aundio Aundio Image Video Text

F—IMERAVEIRZESTE Mixtral T— 1M EESHFENEZEM LLM, S EREEN IS
BSEEI LLM £, AERRalignment, tBHiRLL image/video/audio encoder BYEIHATRY, LLM
BEIEARAY token-like representation, RiJll4k visual connector, ll&#zconnectorfIEE—
LB BIA(ESS, WIVQA. captioning and descriptionZ28H; illZraudiofE AV Rautomatic
speech recognition and audio captioningfESZ AR X R AEEREE:,

VITA IXM T —M)IIEER LAY IEXAFIEGEWE, BT SHHEEIRL 6K tokens,
1BEIRA local patches, BB image-text pair #HERESE; MSREUENHRMUAN, AHuH
. EEARXEERILASR—AR batch FRISIRKE, 1ZSIZEE, theehNREREY ERZS
EZaf/z. FlIAnyGPTHsequence packingAUiE{E(E—1&RSRIEEARBHE—EYIRBIL

BB HMERHIFERSIESIESIREEE, HERGENAIESTIESIES. 1830RX—M
ER(HFEFN alignment M ERSXIBVEHRIR, EMTJLINKEEE. $5—, AN—FOEEm s
SURAS. EEER GPT-SoVITS & TT1S TH, BIMAAREEMIESIR, M) EEIRMR
audio query, HEEEMI/AAE T HRIEBESESEE. £, FRFEREERAR
system prompt, 50 image AR, system prompt S@ERIEETRIFIERGASEE;
video I N UERFASIRIBASTIABEIE,; X AMARUIE—RSIARBFNE, XEMER
TEAENEEETNRARRE N EBEMREZ", thiEf image patches 5 video
frames BUF.EIBIISEURE. $=, 131 noisy audio 8, NEBESESHIEES QA iR
B RPBETHEY 474K 9F, IBXLAEREN AT TTS B EM, (FARREEZER noisy
audio negative samples, XIFEEIFALIZIHARMENEINASELOZAAEIE.,

B=MERIZRT, 1BIBBMERLE instruction tuning HEEAR R connector, MELL
connector ] LLM —iRIEHZIESIES D .

Qwen2.5-Omni
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Qwen2.5-Omni Technical Report

HEFEEAMTIEN: an end-to-end multimodal model designed to perceive diverse
modalities, including text, images, audio, and video, while simultane ously generating text
and natural speech responses in a streaming manner. g5 Thinker-Talker
architecture: Thinker ERA=IRRFISALERAY LLM, Talker EXNEBE]FERY, {FH
Thinker B9 hidden representations 4% audio tokens; FR#RiEid streaming decoder ZRIE

==
BHo

e e e -|||.-.|...|||..||||-:|....|...|||..|||m
.Ij—::i::‘::paqmicn S:::T:T:’di: \Sﬁ'@ﬂmiﬂg COdEl:‘ Decﬂdel"/
-+ Backwaord Propagation [:l Pad Hidden I;;J_‘J %; I#‘ %; r%‘ #‘ I% % %

( Qwen2.5-Omni Talker

o000 0000000. 000000000 .. DDDDD

000000 O00..000004

Qwen2.5-Omni Thinker

e e Raait DDDDD

[Vision Encoder\ /Audio Encoder\

l!‘u""h‘mh

ThinkerGZBSIESBAN, EEREENFNTEERZBRIIFERXA; Talker2is=
Thinkerfiyhidden reepresentationf1& I A~embedding, BEIF4ERKIEERYcodec
token, 183581 Talker 75| A FIIEIRRTEREEAZUL Thinker IE%EERAs, FHZ= Thinker B9/
S ETFX

NEREEN—MEITHE TMRoOPE: Time-aligned Multimodal RoPE, RGN, EHHEIE
BT, MEANRNEREARRE. WRARZESEE video token F0 audio token Hfifgsk, EEIAR
MEX—REE T X—INEE 7 E‘JIEUJ:E'KXJT" TMRoPE BYf#iA2HE RoPE AL =EF%7:
temporal, height and width position. ¥33F text, =4 position ID 8@, EULLZFENTFEE 1D-
RoPE, %J3F audio, tf&EF#EME position ID, FH5|IANBEXIATENE, H 1 4 temporal ID X
N 40ms, X3F image, temporal ID fRIFAZE, height / width ID tRiIEE&=EIMELZL. X
F video, fHEMARY temporal ID $ZELATEISIE, height / width {(HZRREG=EUEME.
AFEA time-interleaving method : 3B ESRAISILESCRY @YD AE 2 #)—4> chunk, &M
2% chunk BB, eiilindcr, BREMERR, AMAERENEIRFCESTSTES.

m.,.[%%%%ﬁﬁ? 1)) R




Talker REEEMBRENAFLE—MINE TTS, BStEhigh-level hidden representations
FIB4 sampled H3kH discrete text token embeddingsTFSE., REMRERL, MES4E
REEATENANZENTZE, HiRAFINES. BE. SEFER,; Thinker (G4
representation BEIRALIXLEEI(IE (SR, 1B Thinker representation FERIXIZE WAL, M
FRREEN, FTLUEFEE sampled discrete text tokens KR & S EEIIAHEM.

3B R ARERD. Pre-trainingB="1WER. —MEH, LLMSEAsh, £5i1%k
vision encoder #{] audio encoder, {FRXME audio-text 1 image-text pairs KHE5E LLM AY
ZIESEN IR/, ¥ E, LLM 38 Qwen2.5, vision encoder {8 Qwen2.5-VL, audio
encoder ¥J#A14E Whisper-large-v3, 4 encoder £EEE LLM 58114k, HE—FFE%
)15 8 adapter, Fi)llZk encoder, SETMER, LLMSEERA, (FRE ZHNSESEIEHT
. RESE=MERSEH)IGKFSEN, HIT32K K LT3,

ZRERiE., Thinker {8 ChatML #8={f# instruction fine-tuning, TTalker A4 post-
training 455k, B=1ER. F—ER)I14k Talker 23 context continuation(ICL), BRT (L
Thinker I AGEE, &f# speech continuation task, tHHLE@id next-token prediction F3J
EZ1EZS L TXAFD spoken responses NREEERIES. 183X —F 1L Talker FEMIEN TR
FNESSRIAEMST, BRES prosody, emotion, accent & EFTNIEXESTEMY. B_MEREFE
F3 DPO RiEmEFA e, BARMTF=tERATI%. B=MEMH multi-speaker
instruction fine-tuning, BAJZiLL Talker BERFSERS, HIESEEERAEMNEY. RS
BERATEHFNTTS, MARHTFMLLMAER ..

MiniCPM-o0 4.5

MiniCPM-o0 4.5: Towards Real-Time Full-Duplex Omni-Modal Interaction

We present MiniCPM-o 4.5, our latest effort towards human-like multimodal interaction,
which mitigates these gaps by real-time full-duplex omni-modal interaction. ;XN EEE
WERIR: WELLOMNIEEERIBEEA—F, WITAERW. WA omni/ MLLM R[5z B 75
XAARNAREERERXE, perception # response 29 8H; HERSIHMEERAZZEW
sIENAY: CEEREERFPERAEAEE, MARKA—HRIEMZZHINRE. TS
BfiiR, 1I83RMiniCPM-o 4.5 By BRI R SCRT 7 R FP-FERRANFERNERL, MTISZFF

proactive behaviors,

Text-Only Multimodal Traditional Streaming Full-Duplex Streaming
® & M
g 3 2. — — The player in red =] — — —+
@ @ Is dribbling... The player in red Al Perceives oy He
™ ™ Al Perceives Al Speaks fs dribbling... L e
Tinre o Time "
Limitation of Existing Paradigms MiniCPM-o 4.5
O Blocked-1/0 O  Pasive @  Full-duplex @ Proactive

Figure 3: From turn-based interaction to full-duplex streaming. Existing interaction paradigms
separate perception and response as alternating phases, leading to blocked information flow and
passive behavior. In contrast, MiniCPM-o 4.5 continuously perceives incoming multimodal streams
while speaking, allowing the model to update its response in real time and act proactively.

HEE—T, task formulationa] AR :
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HINMI: continuous video stream + continuous audio stream + optional
text/system prompt/reference audio
Hrtifl: text tokens + speech tokens + final waveform

KR WASH L E LS, AR —EF AT

[ ] Hidden States (h) Silent Token Speak Token "] Text Token
* Merge Visual Embeddings (V) Audie Embeddings (A)
Audio Output WAoo | o oo | e e
— Streaming Flow Matching Decoder
Speech Tokens o000 - Q000 | 0000 ~ 0000 | 0000 -~ 0000

Interleaved Spnm:h Token Decoder

LLM Qutput é _g)_ é _(.l}_
mke,.,m,ddm s1 | Laak this 5p| | is |m:n1_ sp || cPH || dwnd

g ——— ] O ECENCERCR ECE O
i Multimodal System |

i Prompt Full-Duplex Omnimodal Large Language Modal

| ReferenceAudo == || $ 4t 4 4 | £ 4+ 4+ [ £ 4+ 44|44 S
i ! VI V|V A A W W W A A VI WV |A A v W W A A
| TextSystem Prompt |

i i Multimod al Encaders

Video Stream L AN SRR 2 AN S L NN SR L I R

Q@ Describe what you see

Audio Siream .|| andvihar you hear confhuously ||||||||||| |-||||||||H||||||“|||||| |||||| -|||n||||“||||||||

|.|'.|||-- -IIIII‘I'
T

I T
B.@ 1.8 2.8 3.8

MiniCPM-o0 4.5 E—1\%] 9B &#19imZ!ix omni-modal 28¢5, B&%&E&encoder, LLM
backbone and speech decoder, GPTRERIEENIpipelineflT:

video stream / image
- SigLIP ViT visual encoder
- visual resampler
- visual tokens

audio stream
- Whisper Medium encoder
- audio projector
- compressed audio tokens

visual tokens + audio tokens + text prompt
- Qwen3-8B LLM backbone
- text tokens + LLM hidden states

text tokens + projected hidden states
- lightweight speech token decoder
- S3 speech tokens

S3 speech tokens + reference audio
- streaming flow-matching decoder
- audio waveform



full-duplex ER{EFER, EtfEencoderflikiEflsampling strategy FEBATIZIt. LLM
backboneZ Qwen3-8B, ARA—ALIEME. SN, AL T, FEMSIA token F]
hidden states, i633&E: LLM backbone RTESIAIHAR, token, FEULSLARIRERAARE
3-4 decoding steps per second, FEARGERE., mspeechlZEREELATtoken
decoder, fTAEEtRYE text token + hidden states 4R speech tokens (iXEtoken and
embedding#REZAVRIEREQwen2.5-OmnidiY#EE)

XRENERXENGIER Omni-Flow, LURATEEMEreal-time, BIEREIFERHBRZSHNE
REEO, 8 MEOKES t. 8 NEEOR, EEEREGRERIMTEINES, RE
AR EBIRZIRYEE. XEESRAY turn-based RREFHASAY 7 IE4LRY time-local updates, RE
A {&EMstreamfB

env-visual: ¥ 57
env-audio: MEEE MG, GRS
out-stream: BhFfHiii, ©BF text f speech

WREEBEOANMZBERS, or MRBE—MFFHRM [listen] token, &1 chunk i3, =8
SRR IRFTEISRAY perceptual tokens, FAERY output tokens, FEIEIREHERRT LARM T &5
WzER, FRLAOmni-FlowRE Tk, EMEE—MIEEN, EZ&#HMvideo/audio, AFR
ERListen 2 speak (binary decision) , f&speak, BPARTSLERMEIEONGEH.

BEARINE LN, BBAMSEIRIENIINERIR XA LRUER. &G, NAEREREFIES
BEEA—. NREREENMEEORER TASYE, REXAIESIBNAISHFER
A, SHEFRINE ELIRHRS. Ak, XEREH TAIL: Time-Aligned Interleaving,
EAEETEERET text tokens BERL speech, tHARZETE text:speech ratio, TERERT
BRUHENSRES chunk £ EZ PR, 5B k4 chunk NBEIRZ: SRR BHTTE,
speech stream REEITSRIRS AR kt. WMRAIECEEBMRER, =580 chunk BAMER—
LA, 1HESEIE LXK,

YRS, YEEM full-duplex streaming training data FIEEEA text token fY start/end

time, 38 start time 3&7E [(k — 1)¢, kt) B9 text tokens RREIIR speech tokens SELEE k
Omni-Flow chunk, XtEEEEIZZIRAZEELLHI, MR history-dependent interleaving
pattern,

TAIL RF7T bounded look-ahead: B®EJ14 text tokens XFRHY speech tokens SFEIRE T—
A chunk &8k, LMERE—RARK LT, HBEASHEE, HLERETFEINASELE

2.

NER)I14 pipeline Z2FERRY, BREERENTIESHEONEN, BLEESER. 155
4%, full-duplex REREITEARZ. BET MiniCPM-V 4.5 B934k checkpoint FFE&, A5
IR speech pretraining. joint pretraining, joint SFT 1 RL,

F—MEBRENTRIFEERINRINESAES], R4 pretrained components, REFTHETIIARIE
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