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> 1. Auto-Regressive F Diffusion BIBNX 51 ; icp

= 1.1 Auto-Regressive fll Diffusion B#Z/0X 31

1. ERRIMEE: Auto-Regressive@iBEFHR, SHEM—1TFIRFBEERIARS, BIEERN
WBiFs; mDiffusion WAERTERE, HEBEENERIEFR.

= 1.2 Diffusion B

2. ERRAE,: Auto-Regressive BiEF. BITINRI, —/REREEEM—8; Diffusion BIAH1T
MERRZTME, ERBEES,

3. FMHER: Auto-RegressiveZBm;¥E ), Diffusion ENEEEEN. ERERSLETXE
Biuige, Diffusion S@EFMLHE,
= 1.3 Diffusion K5

4. EREBEPREI: Auto-Regressive AJLARBEMER KIS IIES; Diffusionih Fifisc
RERENKE.



» 2. XA&ESHDiffusionBENSIEM @

m 21 XAESAHREERERSHIE:
1. BiR: RIEXDMW pgaa(x) , EF x = (x4, X9, ..., x) NEEEY token K5l

2. %R MASERER po(x) KBIL pyara(x)
3. #H: £ po(x) NEMWMBRXIGMEF, EMERXR,

m 22 -U“ﬁ:‘ﬁﬁ iE:I‘-?-i'Sﬂﬂhilﬂr-I:EAt -

o Ep.../logpe(z)] <~ mgn KL(pdata || Po)

AR/ &/ KLEMBMAERERE (AR, VAE, Diffusion..) HIFHEIEIEE,
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m 2.3 EEBISEKSoTREM: HEIRIE
o FMEIF: J@FEK V| ~ 30000, FFIHK L ~ 1043
o ERRTENE pg(x) : IREST[EA/ |VIAL , FEFETIA, BHUEBESITHER.

o BRTBH: WMERA,ME ((ESHE) J5|IANRERE (VAE, Diffusion) , IES4 0T AE THRHET
o],
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n 24 TRSERs>HBIHESAAN

A & a = RR RRIRE

B o) =] z<) WEREE, MR HRERTT, BEEH (LM)
fig log P {5MRAT & B [a) {3

REE pi(z) = [p(z)po(z | 2)dz REFTHAT =383t p(z)  VAE, Diffusion, Flow-
R 5&%B#%l  based, Energy-based

m 2.5 31+4 Diffusion thiEBRFXAESE?
[RE: &R Diffusion 1 Auto-RegressivefIHE Birfl 2 ZEBXESHER, REARTEME.
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m 3.1 Paper (82

e 18X Large Language Diffusion Models

o IEN#EIE: https://arxiv.org/abs/2502.09992
o B AK; IBINE&EH
e /&RFufYE: 2025.01.18

m 3.2 E{§:h Diffusion =fl: HNIER+ Kk

Forward SDE (data — noise)
dx = f(x, t)dt + g(t)dw

GO score function
e = [1(x,0) — o 0fFx logp ()] dr-+ () @

Reverse SDE (noise — data)
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m 3.3 LLaDA FAIINERFIEER:
= hOkR:
o HNMEAZES: ESCASHY token EIEEREI<MASK>
o PNEERAR: A TEdiffusionfUINIRERE, BEEMTET2IZTERFIER, XMITEF, HIAZE
S—FRAEFERELZME, MENBIMEBEERNES—FERELIFENMIE—R, MIEES t € [0, 1],
Bert BIMLM{ES3 KL, MLMESENHIBENES —FEARNTINEENIRELLG); XEENSEERSR
ANBEALAIIR RS LB,
a MNEplF: SRREEATEN -5 RK<MASK><MASK>E A5
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m 3.3 LLaDA RRIMNERAIZE

m KR
o EEREFR: BXXAFR <MASK> 1RIE_E T3 E A token
o BERTE:

Step 1@ <MASK> <MASK> <MASK> <MASK> <MASK> <MASK> <MASK> <MASK>

Step 2: K <MASK> <MASK> <MASK> <MASK> <MASK> <MASK>
Step 3: &K <MASK> <MASK> <MASK> R~ iE<MASK>

Step 4: ©K <MASK> <MASK>E 55
Step 5: SRRXKSEA I
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m 3.4 LLaDA BJI&iRTE (FRil&E+SFT) :
m FIIER:
o JNFGREFE: 2.3Ttokens

o YWERES: E£UFBertBUIMLMESS, RBIE L T XFiM<MASK>4bautoken, B ANHE, mask 2L
JNthtoken, SAFFHITEIRTIM,

o ¥KEEL (SEFRA cross—entropy SEI)

L
1 : .
L(6) £ ~Erzoe, |5 Y 1lzi =M]logpe(silzs) |,
j=]

HA, ECREFE, tfU&RmaskLEHl, x SRFFEFSR, xARMBEEIES, TR, MKEERA,
FHERNEFAFIF—, Mask HRILEHIES, ARBEEHS, HFANNNEMRGERE, BRIEE,
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m 3.4 LLaDA iill&:ifi 2 (FRilll8R+SFT)
m FlER:

—_— .
a /—.l_\lﬁ\'

(a) Mask all tokens independently
| _ 1IN
v Maskratiot ~ U(0,1)

R

}

Mask predictor
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m 3.4 LLaDA BJI&iRTE (FRil&E+SFT) :

m SFT:

o YEEME: 4.5 million pairs, (pg, Xg) «» EF, poprompt, xoAresponse,

0 YIZRES: SlZRAEE =M., XARETF, SFT A mask py, R mask xq

o R - :

1 7 )
_Etap(JarOart Z Z l[rt = M] ]'ng9 (’r0|p07 ’rt) )

1=1
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m 3.4 LLaDA Eill&ii Rz (FRill4k+SFT) :

m SFT:
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o ThEE
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m 3.5 LLaDA RUIEHETR:
s BHERENS:
0 JIZRESLLaDA BHEIEREM S BEANIEE <MASK>ZEIERMAIE X ftoken, H1ELXFESE
(8T —MEIIEIREF .
o XHIETF, LLaDA UEIMAHAZE MBS REE— %/ IR ERBRL: LIERBRIREE A,
2.Remask E|—880, BZE, HETELRERT 8D
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m 3.5 LLaDA K EiRTE:

n EERENSR:
o AEALENAF, RIRERNITET N4, SIRERERNEEGRZ: 1/4* 100%=25%:
Step 1: <MASK> <MASK> <MASK> <MASK> <MASK> <MASK> <MASK><MASK>
Step 2 (XR) : SRWNH EZhEE
Step 2' (Remask) : £XK <MASK> <MASK> <MASK> <MASK> <MASK> <MASK>
Step 3 (£IR) : SREHIEATEN
Step 3' (Remask) : £K <MASK> <MASK> <MASK> 15 <MASK>
Step 4 (XIR) : SKEFEAHEIT
Step 4': ©KRK<MASK><MASK>E A5
Step 5 (ER) : SRRHEEAEIT
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m 3.5 LLaDA RIEHEiTR:

m RemaskiBlg:
o BEl Remask
o fRE Confidence MEMN, M TH Remask (FRJ|EE)

o #R1{h Auto-Regressive 128), §R{REBA 1A, Remask Hi&1
s HEE:
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m 3.6 LLaDA B9EE M BEIT{:

Table 1: Benchmark Results of Pre-trained LLMs. * indicates that models are evaluated under the
same protocol, detailed in Appendix B.6. Results indicated by  and ¥ are sourced from Yang et al.
[25, 26] and Bi et al. [32] respectively. The numbers in parentheses represent the number of shots
used for in-context learning. “-” indicates unknown data.

| LLaDA 8B* LLaMA38B* LLaMA27B* | Qwen2 7B’ Qwen2.5 7B Mistral 7BT  Deepseek 7B

Model Diffusion AR AR AR AR AR AR
Training tokens 23T 15T 2T 7T 18T - 2T
General Tasks
MMLU 659 (5) 65.4(5) 459 (5) 70.3 (5) 74.2 (5) 64.2 (5) 48.2 (5)
BBH 49.7 (3) 62.1(3) 394 (3) 62.3 (3) 704 (3) 56.1(3) 39.5(3)
ARC-C 45.9 (0) 53.1(0) 46.3 (0) 60.6 (25) 63.7 (25) 60.0 (25) 48.1(0)
Hellaswag 70.5 (0) 79.1 (0) 76.0 (0) 80.7 (10) 80.2 (10) 83.3 (10) 75.4 (0)
Truthful QA 46.1 (0) 44.0 (0) 39.0(0) 54.2 (0) 56.4 (0) 42.2 (0) -
WinoGrande 74.8 (5) 77.3(5) 72.5(5) 77.0(5) 75.9 (5) 78.4(5) 70.5 (0)
PIQA 73.6 (0) 80.6 (0) 79.1 (0) - - - 79.2 (0)
Mathematics & Science
GSMS8K 70.3 (4) 48.7(4) 13.1 (4) 80.2 (4) 85.4(4) 36.2(4) 17.4 (8)
Math 314 (4) 16.0 (4) 43 4) 43.5(4) 49.8 (4) 10.2 (4) 6.0 (4)
GPQA 25.2(5) 25.9(5) 25.7(5) 30.8 (5) 36.4 (5) 24.7 (5) -
Code
HumanEval 35.4(0) 34.8 (0) 12.8 (0) 51.2 (0) 57.9 (0) 29.3 (0) 26.2 (0)
HumanEval-FIM 738 (2) 73.3(2) 269 (2) - - - -
MBPP 40.0 (4) 48.8 (4) 2324 64.2 (0) 74.9 (0) 51.1 (0) 39.0(3)
Chinese

CMMLU 69.9 (5) 50.7 (5) 32.5(5) 83.9(5) - - 47.2(5)
C-Eval T70.5 (5) 51.7 (5) 34.0(5) 83.2(5) - - 45.0 (5)

Hp{EEFETR, LLaDA BEE baseline  LLaMA2 7B 1 LLaMA3 8B, MERE, LLaDA {fiFLLaMA 2 7B,
LLaMA3 8B &bFrIEERYIKE,
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m 3.7 LLaDA BJE Case Study

Table 3: Visualization of the Sampling Process and a Generated Multi-round Dialogue. In the
response of LLLaDA, darker colors indicate tokens predicted in the later stages of sampling, while
lighter colors correspond to earlier predictions.

Sampling Process

User Lily can run 12 kilometers per hour for 4 hours. After that, she runs 6 kilometers per hour.
How many kilometers can she run in 8 hours?
LLaDA .
iy
hours she runs 6 * 4 = 24  kilometers . In total she runs 48
+ 24 = | 72 kilometers in 8 hours . Result 72

EEARTER, REAREBLER. MERIRNFLE, LLaDA RFRERN, BEARZMEMZIE; HEHETS
ERREHIESINAFER. BFL, ERIBFRTEMEEN. BEEZRENoken, BAEMEMERtoken,
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m 3.8 LLaDA HIENX:
o AT BURELE LLMs ERVRTATME, RRFBEUMAR FRE T #iR975 @
o ¥ ERENHITEN, BERNERYESHEIERN BB R

m 3.9 LLaDA BIBR#:
0 BMEER. FEMSEEHMHNKE, ~BRE.

o YEHFHER, XEPRSTIIZAIETEZ 0.13 milion H800 hours, tHEH 300k HB800ELLIIZR15K,
FR24/M\0T,

0 KEEEZR, BriRARGHNIENAREEER, HEFHERS,
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m 3.9 LLaDA BIBR#:
0 BMEER. FEMSEEHMHNKE, ~BRE.

o YEHFHER, XEPRSTIIZAIETEZ 0.13 milion H800 hours, tHEH 300k HB800ELLIIZR15K,
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= 4.1 LLaDA-V (LLaDA-V: Large Language Diffusion Models with
Visual Instruction Tuning)
X EEHE :
XEXENTHLIIGMLLMEXE (LLavA) RRAXS, FIsEMEIELLM S0 BRmM T LLaDA, HUEIE
BHEN—BXE.
0 M RAZHN TARREEMLPRERHESER) 391, WHRER (SiglIP 2) RIERISE, MLPIRER
S EBEIE) LLaDARIFRAZSIE], LLaDA B BN ARAMNERA BN ESHAHERES. 45301, LLaDA-VRA
TWESEEANS, AFERETIN S EERNE ETX.
o WIZREHER:
o Stage 1 (XI3F4RAE28) | WU BREIB[IFESEE Nembedding, FEM B RIL[I[FIESER, FilZMLP
o Stage 2 ($8S44@) : Visual Instruction Tuning

o Stage 3 (EMESHIESHUE) : Multimodal Reasoning Enhancement
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Figure 2: Overview of Autoregressive Approaches and LLaDA-V. Image representations are
generated by an encoder and an MLP projector (not explicitly shown). (a) Autoregressive Training:
Given image features and the input prompt, autoregressive models are trained to predict the response
through next-token prediction. (b) LLaDA-V’s Training: Image features and the input prompt remain
unmasked, while only the response is randomly masked. (c) LLaDA-V’s Inference: As time step ¢
decreases from 1 to 0, generation begins with a fully masked response and iteratively predicts tokens.
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ZINEIL:

LLaDA-VEME ERNEIRAT B, 1FA2EZSZRMR (iaMiMMmuU) EiEgEE, RE LLaDA-8B fE4I A
5 Li&#F LLaMA3-8B, B LLaDA-V fE1N ZIESESHEH T LLaMA3-V, XRIFY BZRUESIES
S5 LEE&—E/NMRE,
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(a) LLaDA-V vs. LLaMA3-V (b) LLaDA-V vs. non-autoregressive MLLMs

Figure 1: Benchmark Results. (a) LLaDA-V demonstrates superior performance on more bench-
marks compared to LLaMA3-V when trained on the same dataset, particularly excelling in multi-
disciplinary knowledge and mathematical reasoning tasks. (b) LLaDA-V achieves state-of-the-art
performance in multimodal understanding among both hybrid autoregressive-diffusion (such as
MetaMorph [31] and Show-o [28]) and purely diffusion-based models.
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m 4.2 LaViDA (LaViDa: A Large Diffusion Language Model for
Multimodal Understanding)
XEHRR:

XRXENEREMH E—RLLaDA-VIEE XML, (BERFEERENIN, ZXXFITFZHEEBERE. tIFi=mTIU
BEER: 1. IZEUREILE 2. i1t KV cache INi&E 3. i%itfR#S Schedule
o 3H: RAEREMFILLaDA-V/LFE—1f, RAKHEN MRREER+MLPIRE R +HESEE 2, MRRiER
(SigLIP 2) REXEMEIFE, MLPIRE SIS EMETIE) LLaDARIER A TG, LLaDA ESBNIARAERESENSES
BMAHEREDE.,




Y A N AESEMZIEDS: LLaDA-V, LaViDa

0 RREE:

hs L T Q ---------- [.——.]. [;l- ) -[;]-:
1
[ Diffusion Language Model J
_________________________ L-___-_--\ O
' DDDDD ..DDDDDD ,.DDDDDDDDDDD
[F'rcq cted Vision Embeddings] "What is in the image [?] ' | There is a [M] dog on the [M] [M] [PAD] [l
( — Prompt P Noised Answer X
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! i(FS N5 R - . Do oo oD O 00 —
& 12 5 4 5 o nfg . ! A

1
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Resize
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| Ii,lz...1s Vi, V2. Vs

Figure 2: Overall design of LaViDa. LaViDa’s architecture consists of a vision encoder, a diffusion
language model, and an MLP vision projector. The bottom half of the figure illustrates the image
encoding process, while the top half depicts the diffusion language modeling process. These two
pipelines are described in detail in Sec. 3.1.

o WIZEER (BHHILLaDA-VEfL)
o Stage 1 (X54mB2T) : XN FUREB[MESEE Nembedding, FEMN L HIBIFFIBESIEDR, RIIIZMLP

o Stage 2 ($¥5<%4@) : Visual Instruction Tuning
o Stage 3 (EMEZHIIELHIE) : Reasoning Distillation
NG AXIEBIZEM AN GEIRZEFESENN, BEEAXEEBIN=1TEIF R,
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IO BIFT = -

o Complementary Masking. ZEIE@INRAGEFZR, SRR T BRENNRORE, 25— T REERIIRAE, &
TMF: RIZBAFEERRN: SRREEAHN, WNSBRTINRNER: F4181: SR<MASK><MASK>E I,
HAR2: <MASK><MASK>XS<MASK><MASK><MASK><MASK>, fEEFER, XMARNEESZEINEARNFBER,
E RS token#BAZET

o KV-Cache. Diffusion Language Modelfg§#KV-Cache B M ZOEME: 1. BEEN@INER I, FiERKRItokens
ol Z HitokenFFIHMIKVIE; 2.Token £RIFEAEERN . AT RRZXMTEE, AXBEZEREANBIRNEIR
Token F13XAsPromptfiTokenit&E 8k KV-Cache, BEFABEH, NXEILXMNERIMAPrefix-LM, MXZEIFH, =
AR PrefixiKV-Cache =1LMFEERM N F, (B2HEIENNEFHES KRR,

o Schedule Shift. ZXHEEZ, BIERMEBEARD—EBZIIEREE, LLAFAIEBRERR token 2, F4ERYD; HEFIBE
128970, BEEMNZ, EIF Schedule IR IELRIZRZ:

P wy(l) e




Y A N AESEMZIEDS: LLaDA-V, LaViDa

FK IU;;&&E% . (a) Effect of complementary masking.
w/o Comp.M. w/Comp.M.

o Complementary Masking. MMET 260.00 297.00

MathVistat 28.40 33.40

ScienceQAT 48.74 81.49

MMMU?T 38.56 41.78

Runtime 8.2 hr 8.9 hr

(a) Effect of KV Cache
Method NFE CIDEr{ Latency]
o Kv-Cache. FulDLM  100% 1210 7.5
Prefix-DLM 100% 117.3 1.93
Full-DLM 50% 118.6 4.13
Prefix-DLM 50% 114.8 1.23
Open-Lnxt-8B - 111.8 1.71
o Schedule Shift. (b) Effect of timestep shifting
COCO Caption (CIDEnT

NFE 25% 50% T75% 100%

cosine  87.7 1022 1108 1173
linear 849 1052 108.6 1173
a=3 487 7477 924 1173
a=3"1 1011 1148 1173 1173
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Take Away Messages:

o Complementary Masking Bl ATE D =IEMNINZGFEER T, KNIBRAREINGHR., XMAANEEEIE®E)
ZEARINFIRE,

0 {&£M Prefix-LMRIKV-Cache FJAAEESRITEBERVITR T, RIEFEFRA B IH,

o FRZFT(EA diffusion RSBV KINEHRIE (e.9. BIREMEZ Ttoken) , LERIFMIRERRBERNARIRERLE, FL4EH
ZISBHEEIE,




» 4. Rethinking LLaDA: Masked Model or Diffusion? 2

n XFM ., BEHE XN diffusion AR ARG, #EiFLLaDA E{HZE masked model, BHiEKSHIBert,
midE Diffusion model,

n HIEHARR. ;BEFM NVIDIA 7£ICLR 2025 X EthEI2ie FiEBH, masked diffusion models FHFASETHY
Y, SEFRLZEMTF masked model, XER: “MASKED DIFFUSION MODELS ARE SECRETLY
TIMEAGNOSTIC MASKED MODELS AND EXPLOIT INACCURATE CATEGORICAL SAMPLING"

n REUSMESIT. LLaDARIRRICSIE:
1. NIg: {EA<MASK>BEHLEIRIRIA token, TAEAARBERENEi%,
2. £ FAFREERFEEHTE, BRAEBTTMRIE <MASK>IZEfEN T ES, MERMEN

diffusion ESKAY SDE, EESHNEEENER.

3. Remask: LLaDA SR {FAMMRemask HR{AEE Confidence-basedIREg, —MEtEBBAERINAE.
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m BHE&IR. M Discreate Diffusion Model —> Mased Diffusion Model —> Bertf3B{L 12 :

Discrete Diffusion Model —> B mask ¥## (M3E uniform 18&kE#) -> Masked Diffusion Model —>
IEBRELRTE] t FTESA PR LR —> B ABEYLEFIEIE SO EELEFIHERS —> BERT

EREAIRIZRA, BREIEISUASL, Xk MDM 1 Bert MI#Z/0X 57 2 FE4LL 511855/ Bl E L HIHES .
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