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A Survey on Probabilistic Modeling of Data: From Traditional to Modern

LU Hongtao', HU Yuting
(School of Computer Science, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: Probabilistic modeling of data is the core in machine learning and modern generative Al. This
survey reviews the methodological evolution from traditional statistical formulations to recent deep
generative frameworks under a unified view of probability distribution learning. Representative methods are
organized into three connected routes: Maximum-likelihood-based modeling, score-matching-based
modeling, and flow-based modeling. On the traditional side, the survey revisits Gaussian assumptions,
Gaussian mixture models, expectation-maximization (EM) algorithms, and variational inference,
emphasizing how tractability-flexibility trade-offs shape model design. On the modern side, it discusses
variational autoencoders (VAEs) , generative adversarial net (GAN)-related generative mechanisms,
diffusion probabilistic models, score-based stochastic differential equation (SDE) formulations,
normalizing flows, and flow matching, with focus on objective functions, parameterization choices, and
sampling dynamics. A structured comparison is provided from the perspectives of explicit likelihood,
trajectory modeling, computational efficiency, controllability, and deployment stability. To bridge
methodology and practice, the paper summarizes benchmark-oriented observations and application trends in
image generation, video and audio synthesis, inverse problems, and science-and-control scenarios. It also
identifies practical bottlenecks, including dependence on high-quality large-scale data, limited semantic
operability of latent representations, and inference latency caused by multi-step sampling. Finally, future
directions are discussed around coordinated advances in path design, training objectives, numerical
solvers, and guidance strategies, together with unified evaluation over quality, efficiency, safety, and
compliance for trustworthy large-scale deployment.

Highlights:

1. A unified probabilistic perspective links classical methods and modern generative models through
likelihood, score, and flow formulations.

2. The survey compares diffusion and flow matching under shared criteria of quality, efficiency, stability,
and controllability.

3. Application analysis emphasizes inverse problems, multimodal generation, and deployment bottlenecks
in data, representation, and inference.
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det‘i/
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-1
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deti (49)
dz

A DL o 22 A a7 B S 1) 52 5 S S b T 2K (49) TR 5 40 At R IS BT R R 22 W o A o B 40

i qo B BEPLE i 2, 0 K AR T3 £, 0904 (=) 0
Zg=fgoofi(z) (50)
e

0z,

WG 53 A5 4 qo (2o ) BEALAR BP9 2= [ (2 ) 36 13 B B AR BRSO, 10 03 A1 g, ¥ 0 1Y BR AR PRl UH —
AU o A A0 B R — R B A AR R R, W) A6 A R R A ] G S PR R R Bl 7, i 245 B ) o)
Ao A5 H 7R 1 3t S A R 25 HiOu - ﬂﬂ%fﬁﬁ@ﬁﬁﬁ?%%Jﬂ‘]%ﬁﬂﬁ?yzd\‘?ﬁm,Eﬂﬂf}ﬁﬁﬁj\ﬁﬁ%q,
(2)=T[q,(z) ik, 20 T 97 b WE 3% B g, (=) A o] B A [R) 38 Ak . SCHRL7 145 T A TE 55 /N 1) 161
T W2 T U TG 2 A o

VA — b Ui A L e (1 PRI ME S T SR0RE T BGRB8 X, R B AT A M R R E AR B 3K T . A R
A5, SCHRL7 T8 10 7 T s v s e i, R B =0

f(2)=z+uh(w'z+b) (52)
K u w b 058 AR ) i s OB S8 AC) N LA AR M R B LR O 2 (1) (52) M X EAT
G 2] LA i ] 52 2% B2 5 R
J(z)=n"(w"z+b)w

g(z")=q(z) =q(z)

In gy (zx)=1log q,(z,)— In|det (51)

detg‘:‘det(IJrW(z)T)=|1+uT¢(z)| (53)

Ingg(zg)=Ingy(z)—log|l+ui¢(z, )|
K (53)5E XA S Vil w' 2z + b= 0T B 7 I 48 Sk R MR AR g, (=), PRMCRR Ry F T 9 o
I — Ak 0 I 25 3 T B KA AR A i o e AR RLUSR BV e /B 5% B0RLK |, B X 50 fBL 4K i b 57 e Sk
(7] A g F(x), WAV ELBO M o X FIH — ki, U 0 e 00 A0 (=4 ) 1F R B AR i 5 49
SR s ¢ (2l ) = qi( =), H HBER AT LLTFE R C TR G 5340 go(= ) A S 1)

Flx)= Ew(z‘_r)[ln gulzle) —Inp(x,z)]=E, . [Ing(zg) = Inplz,zx) =

K
Eq”(z”)[ Ingo(zy) 1— Eq”(z,,)[ Inp(z,zx)]— Eq”(z,,)[zlnl + uZS[’(zkﬂ) @ (54)
k=1

/MBI E H b e B, BT LA AT AR o AR T v AL S T S EMUBE L o 6 T HER AR o HfE B, SOk
(7 IR T — TR o 28 00 246 4 TS TR 6 L 5 00 e S5 DA 00 i 20 A1 1149 2 A I — AR TR A 2 58
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3.2 EZENPR—UR

SCHR[ 36 1452 Y T % 22 14— 4k 3 (Continuous normalizing flow, CNF) . 1 F B HH— Ak i 09 £ 23t
R R 9% 70 ke W S T B R I 0 47 3 X, ST TR A K W S R B R S A e R B, AR T B R R T
UE — Ak 3 A Fe IR RE 7, DRI R R A — 28 TR R 58 9 — A O B0 2 3k B RS AR A R L Sk
(36 JHE B, >S40 B 10 — A I 09 B8 BIOD K B R AR /I, 3 H — A T 19 22 43 T B2 78 S 1 o3 T R I e 72
B VA — A O A T B A

TE TR 2( Wt A8 B e 3 B = (0) — A PR SRR HLAS B, LA R0 A p (= () IR T

d
R 1E] f%iﬁd*j:f(z(l),l)%fﬁiﬂs z(2)BEI R ZE AL o 7 R, Hf R T 2 — 2 Lipschitz # £, KT ¢

HESE , U)Xk BT 24 1) A2 A il 2 AN fRlooy O R

8lnp(z(z‘)):_tr( df )
at dz(¢)

AMEEEAE T HZEIRATI A, X B RTHEI R 500, o R SR BOR R WU . %
5 TR

(55)

dz(t)_ T alnp(z(z‘,))_i S
& =uh(w 2z(t)+0b), — u 22(0) (56)
T L A B AL SR
SRALFE R0 R LT TR AR b 30 7 9 0 2 25 28 5 T 7l i A 0
B0 L 425 S
o nplz()) (d,
= DA, ST tr(dz) (57)
2(57) 40 77 BV i 2 BT A B MBI 752 A X T4 A MR R PR L T B3I AT
FEW 2 % o, (1)€ (0. 1) £ it e = pp ). B R B e

Pt o SCHRL 36 [T RALIRAG T 77 1k Il 2k CNF R AT 8 Al i1
3.3 LA

P VC TR — R T ONF (19 A2 A A, 5005 Ik 75 2 4 000G 1 — g 7o 30 B A e 25 L 2 o L 1
B AR o R DS PE I 2k 47 TR 780 B 5 A8 AR E , T HH AL DC BC )N 5 CINF R LA A= Bl HE 3™ BB R 7 3k B A 114
WO

1AM 2 %% FE B A% pe[ 0, 1] X RY—> R & 1A AR A0 T 10 i) 1 M %6 %5 138 ol &, 1A 3 p: [0, 11X
RY— R Hy 1A T I I (14 1] d 3 0: [ 0, 11X RY— R 5 e 43y #i s

4%¢uﬁwd¢uﬂ,¢JM:x (58)
@, () S — A CNF, =B 1A 20 09 00 4R 4340 po 38 08 U T (4 R 48 Oy B2 AR 3 ok 14N 4= 10 0 A py
p.=L¢,)po (59)
B o) R T [, BV AR B B 4, 78 U
[(]51]*100(1):]30((,5/ 1(1))'}16%2‘2)} (60)
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qCa VR BB p, i — AR FEAR  po = p R — AT ELH) b3 43 A1, WAL B0 S b o 55 300 40 A L p I AL 56
Fgla)o Hm— DR ENKEp, (o) RILHBN 1S w,(x), B w ()R T p,(2). Ui lTHE
(Flow matching, FM) i H 5 B #UE X 40T

Lewl0)=E,, | lo(s )= ()| (6)
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L2 A G P ASE AU S AN AT g 14 DR A S B 1 FH A AN R p, B a0 SCHRL 8 J 48 H0 1) 78 W 88 25040 o 1 1Y
25 R A8 B A T A U DG T IR) R AR B AT — S WL R ey, HOE T SR A R AR p, (lary ) SR A 1)
T u, (), P HE T A B Y 3 S Il i 3 5 A0 R B TR B 2% 1 1) 3 DR AS AT Ak 3 g DG S (=X
(61)) W] LAFE Ak} LU R 45143 VE Bt ( Conditional flow matching, CFM)JE =

LCFM (6 ): Er,q(J\).P/(I\I; )|:H "U,(JC; 0 )7 Ll,( I‘.Z‘] ) ”H:| (62>

AT T2 (61) , H B RE S & 8 R S R p, (el ) I3 w0, (2l ), S (62) 58 5 TAl T, 1 B
A LAUE BT FM A CFM A A [ RS 1, 3 A 28 (6 1) 540 F i fh 38 (62) 1,
SCHR L8178l — A4 91 - vy 07 A5 110 AL 30 A2 R0 A5 A O, 38 =03 0l Ry
polale))=N(zly,(x,),0,(z, 1) (63)
g (x)=0(x )+ p(x)) (64)
SCHR (81U BT 1 J7 22 H M BBORE LR Jy 22 P A7 7 BORSE B S 1 0T A% 1 B A28 AR e 91 o e S92 36 L %
7 DDPM 73 $ VT e 75 vk 5 3 DB BC J7 125, 2 B DR BE J7 ¥6 U T S 4P I RIOR .
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tion evaluation, NFE )3 5 & JE L H B @ 98 71510207 0 HOR AL 35 300K 97 R A S0 A0 M A0 ot « AN [ 4 {1
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FET 43 A 78 26 5 40 R AT R T R R LS00 R B #a#4F , Rectified Flow , Consistency/Flow-Map
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17 B0 3 5 B 1w 25 MR 3 A ek B L U 2k H bR 5 AR 43 HE T 4 R ) HOR AR E X 5 Y DG R U 7E 9115 M
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SR /XL AR (GAN ZE) | L K43 %5 i % # 42 (DDPM . EDM ( Elucidating diffusion model) \Recti-
fied flow .Flow matching B B HLIF B AE 42 )27 L 33 b 4326 05 380 48 F b B (8] ok 76 ol fg ek 3l
Gk CREERCRE RO EI RS R

WG — IR E 25 HAR S 8CH bR 5 3 B2 3 B ARTE SR E X B R E AN C & - BEATER AL
JZ AR AR W] VA 24 S S AN B 8] ) B, ANAE B AR S 4O 5 B BUfb Se B B R s o OW R B[] —
B R AE AN [ I 25 2 3R R R ] Pk g 2 0 " B At 1 B S8 R T R A Bt A 5 i DT C 2 8] H 55
Y

LR B SRS AT UL AN R 7 A i ROR RRE M SR ] I R G AL . A5 5ER 3.4
TR AIL R AL, TR AT Y S R SR W R SR AE YT AL U DG IC = R) AR — B A TR AR S — HE AR T AT
% HARGE B IR AR SRk Ik H bn SR i g 44 IR IO 2508 5 51 S JEmg ST BRIl g 1020974045800
5 MELEEK

AP UE A ) b HL A BT BPE | AR SCTE PR RE ST HE R 4 — SR F CTFAR-10, ImageNet 64 X 64 Fll Ima-
geNet 512X 512 =R FEMERR A 5 12K T AR AR il b4, 5 W26 T 28 4 R A i b s

F& AR J7 10, NFE HI 47 £ 4 38 [ B 19 465 oK B0 Al U8, 2 B LR T NFEAE 808 4865, 2 W R
A R 3 TP Y 32 T SR FR A R K B AR 2 6 I ) ITAE s FID (Fréchet inception distance ) ffif & £E 4310
5 LS A A AR 2 ] B 0 AT L A A B T R 2 R S SCHR P T B AR A R
S SR R T

ey ik HLE 26 EHAEIE, £ 1~3 e F B L FID 4, JF % I NFEAE it B FE" . T N
HR R HH T E X R S NFE” . |l # & BB 8] A& iy R0 5 & 2 — YRR

®1 FTEMCIFAR-10 R AREX L
Table 1 Comparison of sample quality on unconditional CIFAR-10'

49,53]

Model Method NFE (V) FID (v )
LSGM™ 138" 2.10
Diffusion model Score SDE (deep)"”! 2 000 2.20
EDM™ 35 2.01
Flow Matching™ 142 6.35
OT-CFM™ 1 000 3.57
Flow model - -
2-Rectified Flow"™"” 1 4.85
Consistency FM"™ 2 5.34
Diffusion GAN"" 4 3.75
GAN Diffusion StyleGAN" 1 3.19
StyleGAN-XL" 1 1.52
NVAE™ 1 23.49
VAR VAEBM™ 1 12.19
NCP-VAE"™ 1 24.08
DC-VAE"™ 1 17.90
o DPM-Solver™ 10 4.70
Diffusion model +
) DPM-Solver+ +"* 10 2.91
advanced numerical solver N
DPM-Solver-v3* 10 2.51

TE - v FOR B BN
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%2 LM ImageNet 64X 64 #7AK FExf L™

Table 2 Comparison of sample quality on class-conditional ImageNet 64X 64"’

Model Method NFE (v ) FID (v)
ADM™ 250 2.07
Diffusion model )

RIN™ 1000 1.23
GAN StyleG AN-XL" 1 1.52
DPM-Solver™ 20 3.42

Diffusion model + )
] EDM (Heun)"*” 79 2.44

advanced numerical solver i
EDM2 (Heun)™” 63 1.33

T R B N BT

#3 K%M ImageNet 512X512 HEARFR 23t b

Table 3 Comparison of sample quality on class-conditional ImageNet 512X512""

Model Method NFE (v) FID (V) Params/ 10"
ADM-G™! 250X 2 7.72 559
RIN™! 1000 3.95 320
U-ViT-H/4"" 250X 2 4.05 501
DiT-XL/2" 250X 2 3.04 675
SimDiff*’ 512X 2 3.02 2 000
VDM -+ +™ 512X 2 2.65 2 000
DiffiT™ 250X 2 2.67 561
DiMR-XL/3R"™ 250X 2 2.89 525
DIFFUSSM-XL™! 250X 2 3.41 673
DiM-H™ 250X 2 3.78 860
Diffusion model U-DiT"™ 250 15.39 204
SiT-XL (flow-interpolant)"” 250X 2 2.62 675
Large-DiT"™ 250X 2 2.52 3000
MaskDiT"™ 79X 2 2.50 736
DiS-H/2™ 250X 2 2.88 900
DRWKV-H/2™ 250X 2 2.95 779
EDM2-S" 63X 2 2.23 280
EDM2-M"™" 63X 2 2.01 498
EDM2-L"™ 63X 2 1.88 778
EDM2-XL"™ 63X 2 1.85 1100
EDM2-XXL"™ 63X 2 1.81 1500
BigGAN™ 1 8.43 160
StyleGAN-XL" 1X2 2.41 168
) MaskGIT™ 12 7.32 227
GAN + VQ-tokenizer +
MAGVIT-v2! 64X 2 1.91 307
masked model ,
MAR™ 64X 2 1.73 481
VAR-d36-s"™! 10X 2 2.63 2300
VQGAN™ 1024 26.52 227

T ¥ 3R 7R B MU BT
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I 24 R R0 R B B B o A3 R I SR R A R R U R B AR AT 2 UGB IE | TR I A
NFE ffi & 5 M2 32X 38 5 R R BARFEL R S8 AF/ TC S A 53 351 5 (BT 43 2 w515, &
BRECPPAG UOBL A N 2a0 AR SCUF R X — B0 B DARIEAS 6] 5 B5 76250 R 5 B it b A9 AT B =%

X R IE SCH T e AR R AR A, 2 1~3 0 B X 5 Flow matching 5 Rectified flow (& 1) |
DPM-Solver £ (£ 153 2) . StyleGAN/Diffusion-GAN B2k (% 1~3) , I 7F ImageNet 512X 512 H.H&
HANFE T VQ-tokenizer 5 M AL p K 28 (VQGAN \MaskGIT \MAGVIT-v2 MAR . VAR) , D) 2 B ¥
23 [] B B R AE + A RS T — 28 07 Y TR S IS0 T 008 W GAN, CGAN, CycleGAN
beta-VAE Ml NVAE 55 )7 I 7EAT 55 5 5 % 1~3 M58 — PFl % & A 58 4 — B0, IR i O B8 A L % L
R, AL 1 RO i TR

7 2R E A0, VQGAN IR EFRE VAE, &R VQ-VAE 2 B HUW A48 &t 4 15 , IF- 25 & X e Il Zr 4t
FHEH T A AR I AME G VAE 25915 3 1 VAE F25 1 FID B #h 78 A SCHR[ 53119 % 2, %5 i3
PRUfE VAE 45 beta-VAE B H AR AR U9 — 16 0 58 0 LR Al 3, AR SO AN B2 3R 1~3 /9 FID X 1
BEE AT AN R 4,008 VAE 5 13—k 3 i 0] A% £ i A gl 015

®4 VAES5HA—{miwEdER(EFIDIEE)""

Table 4 Supplementary quantitative results of VAE and normalizing flow (non-FID setting)""*'""*"

Model Method Dataset Metric Value
VAE (beta=1)" 2D Shapes Factor-CLS average accuracy (4 ) 21.77
beta-VAE (beta=4)"" 2D Shapes Factor-CLS average accuracy (4 ) 43.04
VAE +
. : CIFAR-10
Normalizing flow NVAE w/o flow"” 19 39 Bits/dimension (¥ ) 2.93
(non-FID protocol) e
CIFAR-10
NVAE w/ flow” Bits/dimension ( v ) 2.91
32X 32
) CIFAR-10 . o
FFJORD Negative Log-Likehood (v ) 3.40
32X 32
. CIFAR-10 ) .
Normalizing flow Flow+ + 9950 32 Negative Log-Likehood (v ) 3.08
(CIFAR-10,
- CIFAR-10
likelihood protocol) VElow™ Negative Log-Likehood (¥ ) 2.98
32X 32
) CIFAR-10 ) .
ANF® Negative Log-Likehood (v ) 3.05
32X 32

T A FORBUEMOUE , v 2R SO M LA

6 N IS E It

B B MR AR A ML o ) IR 2 ) S N TR RE PP Ak T %0 M 57, 7 FH I B i 3R 2 ) il B
PR R T AR R A A g O R R R A ) A U A — LB R R B — 2 RS
Pl 73 2% L A HH o

TEF 7R 7 2] 5 UG AE g st b, VAE MR A0 AR B )02 T R 37 o7 o R 45 3R AR 5 7]
Pz 1 GAN ZE R AR EL VR AR L R B 5 KR S B AT 55 h S LR 382
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FETH S B8 S 0] R (AR 2 M JS R R 43 B 5 1 A 55 ) v, AR R R TR UL — Bk 5 O S g
L5410 DPS T — M e 7 30 Il B A I 36 SRR O 3 5| S T BB o Dl 3 5] 5 B R M 300 ) R
SEVE S R S A R AE R AR B T S BRI A X e SRR PO R TN AR R
HE— 30 B B A iR SR g

R 2 R A A% O A R« LI A SR [ R R 2 WA 78 0 IS JE MR 30 43 A o AR W] A0 R X% 43 A1 1Y
T SR AR S Sk 2 ) 43 R0 ek BRI A DG B R B, TE R B AR T 58 DA MR R 8 RO 1Y S v AR
BT SRR A R B Tk — A R A A p (o), b R BAREEAR ¢ R A 1E
AF A, AT I A JSRE TR A TG 4 400 4 3 80 AT g A

T 2 RS IR, Ax AT 558 W5 0 ZR A 3 A0 p(Zinglcien )y FEH o0 T CARTR A, 2y, T EIRREAS
Stable Diffusion/SDXL ¥4 Hat B il A v 23 (8], I3 o 15 8 8 7 T A SCAR SR, 5280 T i 5 AR 22 []
9 TR . DALL-E3 3 aof i 5 bk b 18 48 T+ 42 2% 452 7% 1) 30416 6 7, 150 I3 DN 5 40000 o 1Yy SCAR -1
{5 S A oo 4 B 3 5 WA S R 40 A 10 2 S 3R FLUX. 1 Kontext &5 Stable Diffusion 3 Medium it — 2
U DG T R 4 1% ) A P T T B S R M 2R G A R PR i T s R

TE AT 5 & 0 J5 1), EREXF AT 43 0 5 R p (21, 2lciens Comotions Crer) T 20T qudiolCrents Copeakers Cayte ) 4 H
xy, 7 HAIIE I, 2010 HEIREA, € e ARG Crponion WIBENFZM ot WEH LT 3, € e HUVETE A
F A cape BIRHE 555 . MovieGen 5 Gen-3 Alpha 952 B3 B, G 52 3h 2% 5 1 F SCE I RRE
BRI S — B, SpeechFlow 5 Audiobox W5 B [/ — HE 2% % 42 HE 28 7] LA T B 318 3 Fi 1)
Y55 G55 MR N, A% PE AR T AR B 3 DS AR XU B OO T EE S B L X e R S A
TSN + BEACE MR/ B R S RVE R

FEBE 2 g B 5 P S A Oy 1), W BB LA NSRRI A 55 T E N p (2 alCarge )
playrloy,r,g), Horl & WETHIREAR ¢l W E IRy, FHENETF I, 0, R BF P, g Ry 4F: 55 46
4, SE(3)-Stochastic Flow Matching *#f JL{i %5 78 6 5 IF AR e #22%>) , CH F & (828 4w .
H B R BRI 1 — 20 D AL A i B A0 1 SR AR A AR ] 0 T2 T LD AR AR A T S
JE A AR XS PO R 2 R R P A R A R B — B, B AR R 06 S A 1 SRR A DL AR
THAT AT R 45 45 3k vk

SO LR T HLAR Y ST AR AE — S R, AT IR 4 Sy 3 o (1) A e R O o B T
(AL 2R B /ML HEAT S 80 T, R0 1o B AR R A e T R 8015 A 2 2 o o O R X R AT 4%
s e, e T ek R R R b R X 2 T R A2 R R I Y (2) R X Bl
FEAE Y 220 1 22 DR A A SR SR A b T B R 0 W 2U0E UEROR 5 VAE .GANAH L, 97
55 7 VT e B AU 7RV 2R Om n B R PR AR s, BV A )R 5 e 7S R R 4E 52 3R OR 2% 2 5 R AL
RO (3) 24 35 U4 UG IE -5 3 T G 7 3k B 6 B SR AE AT T 25 A A HE B BT K eR A
ML VAE (GAN % — 45 A AR 76 I 4 SRR &7 5% T A AEAE SR o+

7 ZERIE

A% SC MK G5 — R R AR A MR T AL G BB A 7 vk Bt AR R KU R T
Wr/IR G i EM VE B VAE 5 GANG 7E 40 BOUE id 48K #% 4 DSM .DDPM 5 Score-SDE ; 7E Jiit
Tk BT ESIA— A S — L S R PCE 0 3 4 EAR IR ) e A R R AR b ) e
W G — 2, B4R 2 T LR B B E Y R AE AR A R I 4 A Ak



482 R EB L Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

55V REXT LU AT UL AN ) D7 ik B9 S B 2 S AN TE TR W R, T AE TR AR 2 Bl U 2k F AR S E(ER i
PR E 7 2R TR A T 16 R SR A 55, 43 S DC T M S O AR A 5 T ) K AE
AL R REAE 55, R AUSR A T 00 VG B 28 S Lo O 20T KB SR R 3 AR R AR AR TR 1 BT A
T P O U 2 WY AT AR A CRE g TE N TER YT R BB RS R R R H S MRS T B
RS TR A ® RGALGEE . T — W B K S8 e H bR R M 51574 2 B el 43k OF IE
T[] 17 7 ¥ 1 3 28R 20 < 5 5 A A 9 SRR AT RV VR | b SRR IR AE g O
SR, B O 5 2 RS G — A, DA ORI A L DO 4 — TR A I A 36 BE P B R R A
JRUASS IR MBI 5 8 80 S i) K RLASE T £ 7 P g ST
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