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@ TR RABEERIERLR 3DGS 7375

FAZA BLICIR

3D Gaussian Splatting 2 /871



Part 1. JR%4 3DGS 1IEXHIESEZRE

e fAN: SMAIIGREE, LAREKEE
FAXIRIAY camera (8. Skl Bed sl el
o EIWHR: —AmBUE. IR, & Source: Kerbl et al., 3DGS project
BEEFNEERY 3D Gaussians, page
° BiF: 7RI camera A TENER
2B%, HAZISCRHERERE.
JRIAIC AT AR LABHE S . AEBESD
HEEIRER. ANESR. aIiEhY Gaussian

scene representation,

PN BLICIR
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IEXESIKE: SMERAEIITFIEESR

3D Gaussian Splatting for Real-Time Radiance Field Rendering H{F5S I LASCIRfE S :

@@ @E_,
B

Multi-view Images + Camera Poses

Source: Generated teaching diagram

o WA SMARA. camera [EEFIEFEHRI .

o ZIWR: wHE. FAK. EBEEFIEER Gaussian scene,

o WEESHL: EREGIEL)IGERE, FHSEIASELR.
ISR IESMARAETPIFEZ S —E T STRERAY

Gaussian,

FAZA BT
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3DGS FIARGEEE: M Gaussian ZJEURIRE

3D Gaussian Camera Projection 2D Footprint Alpha Blending Rendered Image Loss / Backward

¢ - o -hul-dl

1
L

Updated Gaussian

Source: Generated teaching diagram

® Gaussian E=4HRPHNE. RE. hefs. EHEFRE.
o (EHNVEEUE 3D Gaussian I8 RIEEIERE, 2Rk 2D footprint,
® Z footprint #®IY alpha blending &XEI%; loss BR[FEIEFT Gaussian S,

IXFIERHARIZE 3DGS FAARS: Fx. B, GAFIREE.

PN BT
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Part 2. 1257, BRSUMNHIIVESS

o 1EHIRES: IBHFRATRFE Gaussian XIFFRNIGESRIGRUE.
o JBFER: EF footprint, ., HBERNFREGRZENX

%
o AL : EREGRESELEGINRE, FEEKRMAERE
Gaussian &34,
XU SHFIRSETF 3DGS —EI&R: =4 Gaussian LT HEHLHN
TERET TR _HEIRINE.

PN

EEES
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3DGS RIERNR: HEIIRE

PN

* 3DGS NRERE_#EKA, 8 ~
Gaussian ARBE=4EHFMATA, % Pﬁ % Pﬁ
° ﬁ/\l}l|ﬁ$}l¢%%ﬂﬁﬁ§i§?}ﬁg$ﬁ$ﬂb&uﬂﬂigx Source MIT V|s|on Book

3D Gaussian ZEEIME, UREES
MRLLigER,

o REIABHFREEYRIB 3DGS jEHH) 4R
BOJLEIATRAER.

Gaussian | | 1EHAMT | | BREAIR
THRMER

s
HEHVERE 3D Gaussian AUIFIELIRHXIST,

=

BLICIR
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MHFRAFRNGER AR B FBRRGER

Xw [Rlt] Xe x=X/Z (u,v)
AR e AR y=Y/Z BRI

Xw R
y Y, s
Xe = RXy + t, s H = K[R|t] ZW B
1 w
1
i 0 o Source: MIT Vision Book
K=1|0 f, ¢
0o 0 1

® X. = RewXw + tew F=7~ world-to-camera £
o
* to, RAMREIEHRRYERIN, FEEENAL.
o FEMFREARE EXm/N; ASERE EEIH
MeE".
Gaussian R0, FIZARFD footprint ERMITIX SR RIEREH N EHRALHR,
£3%: Lei Mao, Camera Intrinsics and Extrinsics; PyTorch3D Cameras
EEES I
8 /87

PN
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https://leimao.github.io/blog/Camera-Intrinsics-Extrinsics/
https://pytorch3d.org/docs/cameras

HEHZERII L RIR

o ZEIZUNMA 3DGS I IGFEMRN UIFEHERIIRET.
o XEERALIKESTEIR:

° HIREINFEFEINS;

e RGB-D. LiDAR, SLAM s¢Z#ifaihit;
o RE/JLAIEMIEE,

* MLBEETAN Gaussian,

o EETIEMR: (S5, MtEzmieiaEE.
3DGS BYIZREEN LTFIRIEAL, 3D representation, ERSEIEAILAZREL,

PN HCR
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BN E = radiance field SHFASHE

o FMAGHRNERRE: LECEUAIMN, EpRISHETN
ATHIES.

* Radiance field FiEB=4E875%7 M "NTEHEFIMERAHZ
ae/mE" B,

* [RYA 3DGS SEEFMAGES, BESSEFTNRATITER

= Gaussian primitives,

, =HHE -

E—gﬁiﬁl‘ﬂﬁﬂi%ﬂ representation 1%&5%: ARIWE, RERSUMER
I,

PN HCR
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—iE IR BRI neural field

PN

Fo(x,d) — (c,0)

® 7£ radiance field B, HROTLASK— T EIRREL
x: =HZSERIE,; d: viewing direction,
c: HBEIRNZAEMZRIREG,; o BEHEEEE,
0: FEMESHE, IGEEREHEER.

o SER—MEEAT, BER camera ray RSN E, ZREERL, BIE
AEMZE RN G ERE.

o XiFIIAREEFERETRESEP,; 3DGS KEER Gaussian,
ARSI TEE RN T =HTET.

XIEUAYEE R representation: EREHFMKHER; B Gaussian FAJLA
BEERFTIRR.

£ PylmageSearch neural field tutorial

HCR
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https://pyimagesearch.com/2024/10/28/nerfs-explained-goodbye-photogrammetry/

ray-based JBF: MGEEEB L

mon o ame o B2~ bR 7 W

BMEEXR—% camera ray,

ray FRIZ M RIERIRHREHNZE,

AL EESERESFETT ARG R,

XJ 3DGS BRSO ERERNER: AIEAIRESEHHEISEHEAISE.

3DGS BELMBENIIEE R, RERERER LAY Gaussian footprint, 5
5 ray BOBREESREERZ AT R,

PN BT
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Rasterization: MZTEITTEEIFRGER

OB

LE—A=HmSTR, SCE(RFEFRL BN N  TRESILE
=, FAHEXEGERIHE.

RITR RELZEMHA REHEHA

mesh triangle Fe N=arXi R R E= A AR
3D Gaussian FE FAIMEE footprint  IREERESX A Gaussian 52
]

® Rasterization BIZHARE: — 1 EBLEFET=EZETHY primitive,
SRR R 5RER?

® 3DGS HfY primitive 2 Gaussian, IZE/EIFEETZRIEE footprint,
s RAEIZWGRERZE, BItENE. EHENRERS.
Rasterization 25 3DGS IRUFETHELSR: LHEIZTHMEGEER, BT
splatting #[ alpha blending,
2% Hugging Face 3DGS blog

PN EEESIE 4
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https://huggingface.co/blog/gaussian-splatting

Splatting: M 3D Gaussian ZlFE footprint

local parameterization
2D

3D object space

3D Gaussian }ﬁ*ﬂ,
RIEER th
B=BE 2D ellipse
) footprint

Source: Shi Yan, How to Render a

e Splatting BJLARRRALICERAI=4E/)\ Single Gaussian Splat
=H “#" BESL.
® Gaussian EEG LR BEEIR. B
HIBFBIWEE footprint,
® footprint %*ﬁ]ﬂﬁ{%ﬁﬁrﬂ%%ﬂ%ﬁ
BINERERN,
Splatting & 3DGS BRI, 3D representation ZXFEHRHIZMTR,

““small neighborhood
around Q basis function r(u-ux)

2% Chauffier, Exploring 3DGS; Scthe, Rendering in 3DGS

PN BLICIR
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https://medium.com/@thibaut.chauffier/exploring-3d-gaussian-splatting-e50b8c9cee93
https://www.sctheblog.com/blog/gaussian-splatting/

Alpha blending: % Gaussian BB &L

N

Clp) =>_ Tilp)ai(p)ci + Tog(P)ove,  Tilp) = [[(1 — a(p))
i—1 j<i
°s BWEY
G 2B i 1 Gaussian RIEEREA
ai(p) % i D Gaussian IHEE p FIGERNEHE
Ti(p) AIE Gaussian BIZ /G, FHEHEERENARER
* 2/ Gaussian AIREEBER—MER, EHFEERRE front-to-back &
}ﬁo
® Gaussian BEFIHIR opacity; 1GER ai(p) X2 L 2D footprint £
HINE.
® Thechg ZRATA Gaussian ZERIKIENERINS SHE.

Alpha blending FERAIR "SNRTTREBE—E, —MERIIREH2HE".

PN

EEES
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Alpha blending BIBIEIEE AR

front middle back
y \\ A y
\ \\ (
\
ray \ b |
T Y " - > l:‘ final pixel color
\ pe \ \ | c
camera \ | \ | \ | final
Civien Ca, 2 C3, a3
alpha
(opacity) ay az as
transmittance T =1 T,=(1-a;) T53=(1-a)(1—
(bofore) 1 2=(1-a) 3= (1-ar)(1-az)
front-to-back Chna = ThaaCi + ToazC; + TsasCs  + TiCog e
alpha blending . = where T, = l'[s;zl (1-ai)
contrbution of front  contribution of middle  contribution of back background
/") Gaussian (front) Y\ Gaussian (middie) [T\ Gaussian (back) o final pixel color
@ . ® . ® .. o, Mo

Source: Generated teaching diagram

o B Gaussian FIEIEBICRIAZHBIGERR «i(p),

Ti(p)s
* NEIEE
XEKEI R AT T

ST, AIEAEEE M

PN
3D Gaussian Splatting

BRURTSRAESIE

. [RERYERETREAEN

Eﬁ@ﬁﬁkﬁﬁﬂﬂ&ﬂ:ﬁ%‘ﬁ%fﬁ%ﬂﬁﬁﬁﬁ%o

EEES
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aJiER: ILERERSERAIEE

Ga}:%?;(an ;{ SEER H image loss H HE }—){ Eabier }

* MUENRRER: ERMHERSS loss, HICHEERISEH.

o LML) RIXNBEE,; 3DGS HSHRZAMETFRIZEI S
IR Gaussian BUUE. RE. hiekk. EHEMEE,

. ﬁﬂﬁiﬁ?&%&ﬁﬁfﬁi, EUGIREMIIESIFIXL Gaussian SEUNMM
B,

A RGERMERREIEES loss $Z£E] Gaussian 831 L,

PN HCR
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Part 3. R4 3DGS MIFR=5iIIEAH

* fAHIRF. footprint, alpha blending FRIERIIRIERRIRIATS
PENNE=S i

* [RYA 3DGS IEBXLIAHERAR—MIIGRS.

o FRPIKRE: Gaussian A, EAKS. BASKEIZ.
BB loss BET. EARNTIEM,

BATAEIE: 3DGS BRI Gaussian representation, splatting

renderer, training loss ] density control,

PN HCR
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JRIRIEXRITARR . /R, (B, BEEH. INE

J3i=BR

3D Gaussian Splatting for Real-Time Radiance Field Rendering FIBfRE: £
RiFERERNAERARER, SCIISCREZ.

3D Gaussian a1 adaptive fast
explicit representation splatting density control rasterizer

D

/v Projection
-
ee;. —>| mitialization | —> 1

SfM Points 3D Gaussians

[ —> Operation Flow Gradient Flow ‘

Source: Kerbl et al., 3DGS project page
o RRSEHR: BREIRM Gaussian &2 projection F[] differentiable tile
rasterizer 4EREIE.
* L ELENTREE: BiR loss RIEESEL, adaptive density control [ERTIEEE
Gaussian 910,
JREAIC AT AR ET LAERG IR . Gaussian 37, B splatting, ZEEH
FOHYE rasterizer,
2% Kerbl et al., 3D Gaussian Splatting project page

PN EEESIE 4
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https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/

— Gaussian FYAIZ IS E]

G = {,ui, Ri, Si, Qg SH/}

S EHtA BHLEE

ity w =HEE REIRFEIME, BT
AOETH

RE S =AAEEAN WEZRE. DS

ieds R RT3 1 it Gaussian AILAREISCLEH
12

BERE o SHERAITRAGRE EHIET M. B0 pruning

Hifs /SH SEMBIERAE  SOSAENERAR THIEE

T

SCHIE W FERBE position, opacity, scale, quaternion 1 SH
coefficients, BILUBEIRMR: REmWARKk T "BAMA. BeE.
BUmsEXEE. BERE" NESIEITE.

PN

HCR
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G(x) ScFERIER: EFINEE

ERIZEAYEE

AR x EEXA Gaussian IFITEEEREEZR?

* G(x) HIRIEZ SR Gaussian F0[
HBE, BEESSE opacity.
color [ loss, - :

o BRI "XMIBEZHH] Gaussian ] lefsy :
FInZE", mERPIES e T
unnormalized influence weight {f ] = L

%0 ] :
o MAEAR, FMXIHAIT5REFIRI{H
FARtEAE.
o HIFfAGE LB, TEBR
opacity # color, H5Hth Gaussian Source: Shi Yan, How to Render a
5 alpha blending, Single Gaussian Splat
S G(x) AEF—NRIE: iR, 104555, REBELARSERS.

PN B

3D Gaussian Splatting
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G(x) BIATL: BTRAOIEE

6(x) = exp (~0x == (x = 1)

&Rs> BWEX

X = HRIFRE Gaussian FIDRIRER

»t & Gaussian I REFTEEX MR

(x — HHEMRENESR: BKME—=ATTE, B
)T (x — p) SR — =R

exp(—1.) HEEEESAERE 0 El 1 BTAYIRS MRS

e hGEE S RE/I=HREN. BIEREEN.
o FTLAEHEHRO—ERIEE, ARG BSINRER SEAE.
ANEIERANE "SARAIIEE#UN, Gaussian FISZITHEGE" .

£ Shi, How to Render a Single Gaussian Splat?; Scthe, Rendering in 3DGS

PN HCR
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https://shi-yan.github.io/how_to_render_a_single_gaussian_splat/
https://www.sctheblog.com/blog/gaussian-splatting/

N—H4ESERE = 4EfpEK

—HESHR

=4 Gaussian

6 = exp (-5 547)

T ==Ls 2TV
o FEHHhZEE R
BT ER

1 B=HNEEHIL
S EHIAN RAEEMSE
INKHEAIE, BRI

e HEIEBERE "BhOsim .

° (x—p)S(x — p) EEHBENRENIES.
o [FIt 3DGS BY Gaussian AJLAMGELEE. SRE. BSFFMIKEN.

18 o? ik X f5, SETAIPIZEIZERR T ETIER: . RIRI{RAI=4EMRER.

PN

HCR
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M EMIE: © = RSSTRT

PN

o HITERN ¥ WREREIEN, BEERFYTRIFIERE.
* NRERMENTTR, BEEMEUREEEITRL covariance,
* A 3DGS FEILLANEEE R A48 S HHIEMTTE:

¥ = RSSTRT, S = diag(exp(sx), exp(sy), exp(s;))
* XE S RIEREMNMIEN, FTLIEHA=NEMSR EAREERE;
ENERXREER,
SST = diag(exp(2s), exp(2s, ), exp(2s;))
EHEENSEEN 57,
o XEEREHEHAYN— SR

° SIEH=AEMEZK, HELERESHLERIRMK,
* R =HINGEREAMANG M)
o SST (RIERER D BREIAIEFXEE.
B R S BgSRIEEKIEREIAMEK, BRKEHFIRIM.,
2% Scthe, Rendering in 3DGS
BRI
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https://www.sctheblog.com/blog/gaussian-splatting/

EEEIERVIER

Covariance Construction in 3D Gaussian Splatting
(1) () ®) )

Unit sphere Scale S Rotate R Valid covariance ellipsoid
L=RSS'RT

[ Scale controls axis lengths; rotation controls orientation; ST keeps covariance positive semi-definite.

Source: Generated teaching diagram

o SIBRUBKE=EMANR, RE Gaussian KHKFGH,
° R BICHEEKIERRIBERMEEINESM, SEIZMARMN covariance ellipsoid,

% =RSSTRT WEKR: STHMAERE, BIekInREEHRENSR.

PN
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3D Gaussian 2l 2D Gaussian B9¥%52
g"Jﬁ-‘E: Pw, Zw E"Hﬁé&*ﬂ_‘, He = (X7y,2)T E*ﬁ*ﬂé&*ﬂ_‘, Rew, tew %7.]_7

world-to-camera,

covariance 2

S \\

e covariance &' JV - . ——
™
+ Cx ) \ i}
e = Rewpiw + tew I: 22| e =
) f;/z + Cy 9w

true mean v, s = jWZW’/’

Monte Carlo Sampling ~ Lincarization (EWA)  Unscented mmrmn Ty
Source: NVIDIA 3DGUT

MERS

Se = RwSwRl,, Sap=JScJ7T

fx _ fix
)= [ : f;i]
0 7 -=

* J RIRFREUE nc MHEAYTEATLE,
o XEREBLMEMIILL
FILERRY 2D iy, =HEMTTEBIT RS AT R —4EBE footprint,

PN BLICIR
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SsERI Ll J RIBERE I

X
u=f—+c,
z

covariance X
=y

viWA = g(u)
Zgwa = JWIWTJT

true mean v,

Zyr
Monte Carlo Sampling Linearization (EWA)  Unscented Transform (UT)

Source: NVIDIA 3DGUT

o BRI RIEMAY, J RIRHREIE Gaussian FUOMHLAI—BMEIL,
* BEE=HTRBLENSTERN—R, BB (u,v) 2EAE
. F"Aﬁi?i JARRILER: z )N, B =S RBTRIGRRAIBEA.

J 1B "=HERPRRIRNE L ERER “EHETFE ERIREIR L.

FAZA BT
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M 3D Gaussian Zl 2D footprint

Fuly p
WAEE S

LED RS B

world — camera W& footprint

2D h75E

® Gaussian fUIE/ R ERATRNE
FRIbRFI=4ERAR, IB=EREE
oRY,_4E footprint,

o EZHEH1IAAY Gaussian footprint
BX; BRI AtEa R
A,

o THESLIISH 2D covariance #
HIEEXWTE, BENER

bbox B tile overlap,

X rux) Xpo

Source: Shi Yan, How to Render a Single

Gaussian Splat

3DGS ERXERFEIHEXE, SBERENGRRRIBHUER.

FAZA

BLICIR
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%Z=9 Gaussian Tk

’EE, — Gaussian § 2D Huly m;. 2D AE Sop,i. BEBHE o FIEAE c.
u
. @
1 _
() = xp(~ (o = m) 3 (o~ m) )

ai(p) = ai - wi(p)

° {REMEIT 2D Gaussian iy, w;(p) #X,
* 18 footprint S, RAMESS, RenSdOeurrZe‘:SiiglingZngic;v: tSoplat
* ai(p) B L footprint INEFHNEERL alpha,

Gaussian FIEREERRAEPTE_4E footprint Biifr, F2IMADIE. HLEIEHIER

mﬁc

BLICIR

FRZRIA
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3DGS FHEEGRAT,

N i—1
Cp) = Tipailp)a,  Tilp) = ](1 — a(p))
i=1 j=1
Bix IRpLE T RS R HEHR
Ray-based G ray REEESEER  AEEE/EHESEEE
volumetric HEE
rendering
3DGS GRS EEN Gaussian 3 EEfNiEREMEIEIR R
RREHT
o S5i% 3DGS BiE: KEEIR—BEM Gaussian IBREHIF, ZEANREH
BHHISEEA I,
® #0 ray-based volumetric rendering AR E "RIEEEEHE. MEZXRE
2R,

o MENNTERZEAR: 3DGS NBREFIIREERIREMN splatting;
ray-based J3i%3REiG ray HY dense sampling,

3DGS £ splatting/rasterization HE5T, {BGEREEMEA NIEHEMESHEER
2,

PN HCR
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AI{ splatting: JERIRIZRHEZRIRER

REHF

alpha blending foz=

Gaussmn Q%EIJ

o BIMIZFE: M Gaussian SEEREIR.
o AR BIRIREREENE. RE. hetk. EBHEMEE.

. ﬁftﬁﬁﬁﬂ{%?ﬁﬁ@,ﬁﬂﬂﬂé_fﬁ% HERF. culling #0 tile
assignment B8 BEESES f"iﬂ,,&\fﬂ FIly rasterizer 2LIMBEEN

backward,

o WIRBRINGIEN, NERSHIEE, NRHERE, &R
EGIEES

SFIIDG}Sijz B9 EER—FERKERIERE, RREIMRAEHER—FRS
7G

EREE }»

PN HCR
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g Bir: ILEREGEAESLRA

L= (1—-XL1~+ Apssm
B=E =] 55IE A&
Gaussian 75 [ 5 B

° [, EGEEANHEER.
* D-SSIM AR RS S
° FRIRICNHER A =0.2, Wiﬂ%%ia”e%*ﬂ%*’@’fﬁwﬁﬂ’\ﬁﬁqﬂo
o JIGNERE—EFREMRERRE)IGIMAH Gaussian,
3DGS PAREGIEE, BEMAISMNMEREETR T B Gaussian £S5,

prizi=)][ oA
L)

PN HCR
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FBEREUEZR Gaussian S

1= Render ({pi, Ri, Si, ai, c,-}fvzl), L= L(], )

oL oL al oL
8pf758[)i7 pl%plinapi
28 BESILETERE
i DEEAEIDEAAT, (UEIRRERE loss A7 EMHN
Si T ARIATREAE/)N, BEAEAREA
R; MR REEE BN S B AR RmEINS
aj ?@%ﬁﬁﬁ;%ﬁﬁ%ﬁmzﬁﬁﬁw,ﬁﬁﬂ
EAA
ci/SH AEwEE. REsREEREIMISE

pi = mj = wi(p) = ai(p) = C(p) = L

REtEEEE AN S S B GIRERIRD.

PN HCR
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Backpropagation in 3D Gaussian Splatting

Image loss updates Gaussian parameters through differentiable rendering.
Rendered patch (/)

Target patch (1)

Image loss

L=L{,1)

Projected
(misaligned)

Projected
(wellaligned)

oL aL oL
o da dc

(1) Position pu (2) Scale S (3) Opacity a (4) Color ¢ / SH

“move center” “resize M!Dnm “increase /decrusc “adjust appearance”

rrrrr -0 S ‘ e @
1 Jodates colo e
in3;changesthe | scaleof the Gaussan;

cocfficients) tobetter |

2
x
(current parameters)
¥
mage oss rendered i, adicns 2% lwto Gavsian parsmeters
m
P (1 5. o c(SH)}, and parameters are updated by P ¢ P — 1 Gy

Source: Generated teaching diagram

* Ef& loss BT ARUERIZZMEE] Gaussian S,

e (B, RE. ZPRENMESFININ "XI7FEH
EIESNR".

E

3D Gaussian Splatting

VAEE footprint, HATEASERE

AR
34/ 87




AR

—™ 2D Gaussian

£ G(x). footprint, alpha blending # loss/backward FIATZ /S,

WEGIF, EHEERE "EBRIRENEERT Gaussian S,

import torch
import torch.nn.functional as F

H, W= 32, 32

yy, xx = torch.meshgrid(torch.linspace(-1, 1, H),
torch.linspace(-1, 1, W), indexing="ij")

grid = torch.stack([xx, yyl, dim=-1)

target = torch.zeros(H, W, 3)
target[..., 0] = torch.exp(-((xx + 0.35) *x 2 + yy ** 2) / 0.03)

mu = torch.nn.Parameter(torch.tensor([0.4, 0.2]))

log_scale = torch.nn.Parameter(torch.tensor([-1.5, -1.5]1))
opacity_logit = torch.nn.Parameter(torch.tensor(0.0))

color_logit = torch.nn.Parameter(torch.tensor([0.0, -2.0, -2.0]))

optimizer = torch.optim.Adam([mu, log_scale, opacity_logit, color_logit],

3D Gaussian Splattin,

XERAIBIERRA

1r=0.05)




RS

PN

for step in range(300):

optimizer.zero_grad()

scale = torch.exp(log_scale) + le-6
diff = (grid - mu) / scale
G = torch.exp(-0.5 * (diff ** 2).sum(dim=-1))

alpha = torch.sigmoid(opacity_logit) * G
color = torch.sigmoid(color_logit)
pred = alphal..., Nonel * color[None, None, :]

loss = F.mse_loss(pred, target)
loss.backward()
optimizer.step()

loss.backward() TEEFTMHA?

o #04A Gaussian FEGMI, BRI BIKERELM.

o RAIEHERFENEHRVE. RE.

o STEZ 3DGS BXANNERY REI=4,

Gaussian,

EREMEE.

FHRAAOT1 rasterizer MR KKE

HCR

3D Gaussian Splatting
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HFLIEITEEER . 2D Gaussian #% loss i [EBHfR

Target image Initial prediction After optimization
ﬁ: |
I #H [ ! ﬁ
e right — left scale: adjusted opacity: adjusted | color: adjusted

loss.backward() updates Gaussian parameters through image reconstruction loss.

Source: Generated teaching diagram

o Eﬁﬁi blob 7EZ2MI, ¥IMATRNERLN; KUEFL p. scale. opacity F color —f2
IR

o SEE& 3DGS WEBIEM— 2D Gaussian I RBEI=4ZE)FHIAE Gaussian,




Adaptive density control: Gaussian Z{EHEFS
R EE Gaussian BERE, RAVIAFRRIEEMEE. A5, R 3DGS 2X&

T SRR,
—

Clone Optimization

Continues

‘ o

Source: Kerbl et al., 3DGS project page

Under-
Reconstruction

Over-
Reconstruction

® clone: view-space positional gradient AXH Gaussian B\, FBF4MEZEMTS,
® split: gradient XE Gaussian REfRA, IETKAITTRIFHRE /NG,
® prune / opacity reset: MBRZEHEA/NERIE opacity ITATTE, FHiERA ISR
EWL.
BIHEMFIRS Gaussian, BEIARZREESY, )G ESEEHRE
14,

BT
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Fast rasterizer: tile-based F{T2HZ

Tile-based Rasterization in 3D Gaussian Splatting

© Projected Gaussians @) Screen splitinto 16x16tiles  €) Tile overlap / duplicate O sortbytile + depth (5] ;{::;lrﬁﬁgtl;l;:;

Example: one tile (tx,
— T — I ample: one tile (tx, ty) Within the tile (tx, ty)

i |

.

. ‘*

— — — —
project tile overlap duplicate per tile blend

z=187 Start: C=(0,0,0,0),T=1
z=234
2=291
22366

.
.
o wla win ke

z=472

[ % Note: Efficiency comes from culling, tiling, sorting, and parallel blending. ]

Source: Generated teaching diagram

o B tile RAMERTEEEZ R CH Gaussian, FHZ tile 5 depth HEFF.
e front-to-back blending AJLATEESIZR BIE(KAT early stop, MTIEER Gaussian x
pixel BIEIILLE.

SCHT4BESEE culling, tiling, sorting #1F£4T alpha blending FY2HLRT5 T,

PN
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WWEHLER: BRI Gaussian PLY

o 3DGS Y= BRIRE—A Gaussian B8, THRENARNEE
e, XBITFEPEKERTHES mesh,

o BNRFETLRE ply', EEEAREEBER=LIR.

e —/N Gaussian OJBE(RTZ:

position: x,y,z;

opacity: EIFERRN opacity;

scale: B FEREA scale 0, scale 1, scale 2;

rotation / quaternion: FWFEREZY rot_0,...,rot_3;

spherical harmonics color coefficients: FIIFERRH0 £_dc_*

0 f_rest_x;

o HttsLHAXEM.
e FLIE—TEE— "k, TRE. IEINNCHASEEE".
3DGS MEHM, BAEIIGERAILIRGRT. B, HEiMamE.

2% Evolve Benchmark 3DGS rendering note

PN HCR
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https://www.evolvebenchmark.com/blog-posts/3d-gaussian-splatting-rendering-gaussian-splats-in-real-time

* FIENZELH 7 — Gaussian IR, K5, GERFIRBEILK.

o NIEEALASEIRREES, FaERdaLIRERERER.

o LD ETBEEFRIFIOIAMERER: RE. WEMIZIITHED
VARIBS pIZ.

BIFRIAT AT LUZERLTEEERR1R . 3D Gaussian Zl| 2D image supervision,

PN HCR
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3DGS FFHEEREL . 518! 2D footprint

‘ 200 Cenesii 1M H B H REHE

Pw, Zw e, Xe m;i, Yop, i footprint

Mec = Rcwlffw + tew, Y= RCWEWR{_:CV

|:f;<§+cx
m; =

L T
£l cy] , Yop,i = JXJ

o XHEEWAMEZE: — 3D Gaussian NHEIHENE, SEFIEIKEE.
TR KHIREE.
o FULNRRE footprint BIRIE, MITZERTE footprint RIS AFEEE.

557 2D footprint, FRYE footprint ITEEXMGREREAIRMA.

PN BT
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Cp) =S Tpailp)e,  Tilp) = [](1 - as(p))

i Jj<i

oL
napl

L=(1- X)L+ ALpssim, pi < pi

pi € {pi, Si, Ri, ai, ci}

* wi(p) RBBIGER p FEIXA 2D footprint ERRISZIMGERE,

® alpha blending 8%/ Gaussian HIERBMEREFERES K.

* loss BinER—FERRERE, EHUE. RE. k. EHENRE.
Xt£E, 3DGS UG HEGRE ERRIER EXN =454,

PN BT
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JRIAIEIEEN . iNUEE

SCIRMERS Bit4iER [FRIRIeXEIEBH4

RE PSNR / SSIM /  TE Mip-NeRF360, Tanks&Temples,
LPIPS Deep Blending SR HIXZEiER

R SRR AR E

HE FPS / 1080p 1B35&IE 1080p TIAEISLAT LA
rendering B, OEERE > 30 FPS

YWEFIZFRDR  training time / £3{ Gaussian FERHE, JlIZET1E]

i memory / REFERTEEEEE, FRSEER
storage B

® InstantNGP. Plenoxels, Mip-NeRF360 &5 ix+E(FNREFIREEL.
o IWTNHIFEENE=HEERRIIM: BRRE. LGSR, o)l
NERXER.

B ANRIRDET: B Gaussian + BJfR{ splatting ;R RIWEE, M2
B REFSC R EI AT B X 8,

2% 3D Gaussian Splatting official project page

PN HCR
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https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/

[R5 3DGS NERSREY B

o JUAA—ETE: FNBEIEIFE, A3EK depth, normal T
mesh REEPAER; HIAIATEER floaters, FLIFEZRMEIERS.

o MBNMWDIREUR: DU, 59508, ROTKESERE,
* ISHREER: FIANEATEROHFTIR.

o ENANIGEETRL: [RIA Gaussian EEF/UAFIINR, FRE
"XE AWM.
o BIRMUARA: AURERFITELN AR EERTTN

Gaussian,

JREAAFEEIXSEEEE, B Gaussian M rendering representation HE[E SRR
space representation,

PN HCR
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Part 5. ZARAKRESNRMNA

Depth / Geometry Semantic / Language
- DA3

« LangSplat
« DepthSplat J

Segmentation /

™S [
~B L *, "4 Generation
(\J% Editing ‘

i’“(,) PO o oS i + DreamGaussian

+ Gaussian Grouping 3D Gaussian e

Scene
Representation

SLAM / Mapping

* Semantic Gaussian SLAM

+ 3D scene reasoning

Occupancy /
@ Scene Understanding

Source: Generated teaching diagram

e |BYA 3DGS iERH Gaussian primitives BJLAFBFEERESCHTER,

o EEETIERER—BNRTEEY ERME., BX. B5. MHiE. £RAE.

o 'ﬁgﬁﬂ%ﬁﬂu@ﬂ—ﬁ\ﬁ]@: Gaussian RS THAGR, s&Z&BET7TH—1
YEIRTS,

RIFAAZRRRIE 3DGS WAIM rendering primitive I RAZSEHESEIR.

PN BT
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[E42TAE: M rendering primitive EZS[BJFR<

Depth/Geometry
Semantic/Language }—)

Generation/Editing

Gaussian
space representation platform

R4 3DGS

SCRTER

o F—NER: IBIRREEMALLANESAY Gaussian 155,

o FETIER: ik Gaussian REFEZEM, HIURE. 1BX. 1B5.
IR ID. ARk,

* B WNEBIZEMCERRIEN, FE2EM=EERE,
3DGS HIFARFKERTLAERE: Gaussian IBEH primitive ZERLESEIEEEAR.

PN HCR
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M rendering primitive £l space representation platform

{EAm  B4MIDGS  AEER IR
DA3 / JUal /R E RN initialization / TUTEREERGHN
DepthSplat Gaussian ffit predictor Gaussian TS
iz

LangSplat #5 Gaussian JJIiE attributes / M "BEFE" B "gEE

S4HIE feature rendering A"
Gaussian %4 Gaussian 1l attributes / ERcETSEIR
Grouping identity grouping loss ity
DreamGaussian Fg Gaussian & generator / MEZEMAEIR
/ LGM 15%. 2N optimization AR

path

Semantic Gaussian map & map update / nliEd. nIIRfEHD
Gaussian a4 tracking /

SLAM features

ENAICNHABEREESE, BEETRIKS Gaussian EINTHARMY, =
U7 RER) |42 / T B4R,

PN HCR

3D Gaussian Splatting 48 / 87



JUa75ME: DA3 / DepthSplat #I{alRSS 3DGS

* DA3: FI5&)LIERRELTTN depth, pose B Gaussian HHREHRAM,
fg5% initialization, JU{AIZ95RFN feed-forward reconstruction,

e DepthSplat: EFf)llZE monocular depth features Bl multi-view
depth model, FBRSS feed-forward 3D Gaussian reconstruction,

o FRMH 3DGS BIXFR: [FIA 3DGS FEETHZEMM,; XETE
1BEESRAY depth/geometry prior 3N Gaussian ZERERIL.

* HBBRYEEES: 3DGS WARAREKREGEE, MDA, 55
IRUAIARIER KA LA E .

2% Depth Anything 3 project page; DepthSplat

PN HCR
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https://depth-anything-3.github.io/
https://arxiv.org/html/2410.13862v2

DA3: JUAEREEMES 3DGS AN

Any number ofimages Dep inything 3
with or without cameraposes IV X LB I A LY ]

Geo. &Pose*
Accuracy

Source: Depth Anything 3 project page

* DA3 RYINBEIEYE depth, ray maps, pose/geometry accuracy RILAEJS 3DGS

rendering F Gaussian SEUHITHLAIAL,
o XETIEBERIA 3DGS XHENFIRIGAIAIIKEL, IR geometry prior,

FAZA
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DepthSplat: RES 3DGS YN A{E#H

=
]
M
H
H

MVSplat

DepthSplat

24t
3
<

10720 30 40 30 60 70 8 90 100
step

Image 1: Depth Image 2: Depth Novel View Validation curves of depth prediction error

Source: DepthSplat project / paper figure

EfF—{I2 multi-view depth 5 novel view, B—{lIFE7R depth 5 3DGS
pre-training FUEFB{EIE.

XIS FATR BRI EELL : J{AISEBEHE5ED Gaussian reconstruction, Gaussian
rendering tBEERITREE AFE S,




BX5%4E: LangSplat / Gaussian Grouping

PN

® LangSplat: 7£ Gaussian attributes EIEf0 language / CLIP-like
features, 1L 3D IHESZIF open-vocabulary text querying,

® Gaussian Grouping: 2558 Gaussian /1] Identity Encoding, FB
2D mask supervision ] 3D consistency IBSEIEHREFZ 3D,

o f/EHa 3DGS BIXRER: EFWNHIERRE, (B Gaussian FERE
HEERE, FeEFEX. IBESHR D,

o PBPAYREES: B3 Gaussian TTEHLFEIR. £E. Mk, EAH
F4miE.

2% LangSplat; Gaussian Grouping

HCR
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https://arxiv.org/abs/2312.16084
https://arxiv.org/abs/2312.00732

LangSplat: Gaussian _EAY

RGB LSeg RGB LSeg
_ .
i |+ L2
LERF Ours LERF Ours

‘red apple’ ‘waldo’

‘plate’ ‘chopsticks”

Source: LangSplat project page

® EH text query B4 “red apple’’. “waldo” #IREYE] 3D HEFHNESMLL,
® XA Gaussian attributes BTLAMERE /iEBREY FRE language feature field,

FAZA
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Gaussian Grouping: NSRRI HSIHIE

3D Gaussian Groups

Gaussian Operation List

Task 1. R 1 — Delete G:

;| Task 2. Inpainting — Deletion + Adding new Gaussians

. S - 4 Task 3. Colorization =  Directly change group color (SH)
v‘ ! 3 / Task 4. Style Transfer = Fine-tuning group color (SH)
\\\7 /,’/ = Task 5. Scene Re-composition = Exchange group center locations.
) .
e —=<Z D :
- L N
b) More 3D Scene Editing Tasks

Source: Gaussian Grouping project page

® Gaussian Grouping 58, Gaussian 1&f0 identity / group {E8.
e —B Gaussian #HEARMITSEE, FAILASZHE removal. inpainting. colorization,

style transfer ] recomposition,

PN
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4R /5A: DreamGaussian / LGM

e DreamGaussian: 38 Gaussian FB{E SDS 4R FEIEHUE 3D
intermediate representation, FCHZERARJLEIFOSMNI, 4% textured
mesh refinement,

° LGM: MK, REHZSMEREGEETTNIEDIHER Gaussian,
XK feed-forward 4ERLA[E.

* FlIRYs 3DGS MIXF: JRALZERESINSR, E£RHHEIE
Gaussian 32k 3D AEEFFRIFEIFRTEMSBHHET.

o JHBBAYREEE: Gaussian M per-scene optimization Z5588, ¥ ERR]
FRAREE B ETUIRIET 3D representation,

2% DreamGaussian; LGM

PN HCR
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https://arxiv.org/abs/2309.16653
https://arxiv.org/abs/2402.05054

DreamGaussian: Gaussian {EASERT 3D FEIFE <

NDETECRITIR O
dgﬁ@ﬁ%\t?&%
s § % % % ?

Lol @ @a ﬁ ;.

Input Generated 3D Model

Optimization Progress

Source: DreamGaussian paper / project figure

o EFMENBIRSNASEH A, SERE Gaussian 3D model, B4R mesh,

e XE Gaussian Eﬂ'}%@}?\ "ERESRR" TR "ERAPRORE 3D

representation”,

FAZA

EEES

3D Gaussian Splatting
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LGM: BUSEFIGN multi-view Gaussian

ImageDream z Large y
&7 a Multi-View }
Q“‘é:/ — —>  Gaussian —»> 7 ) o-s
& A
“head sculpture ¢ MVDream , Mz]‘e] e/
of an old man” a8 - 4 4
Text/Image Input Multi-view Generation ~ 4s Gaussian Generation ~ 1s Meshing ~ 1m

Source: LGM project page

® LGM pipeline $cAERZ A, BH large multi-view Gaussian model T
Gaussian, EfE%E mesh,

* XWREMRFENS—NMD3Z: Gaussian AJLARAMEERZE MY 3D TR,

PN BT
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Semantic Gaussian SLAM: Gaussian {EJ91E N HEE]

o ER{ZEM: SLAM FEEL ﬁi
ERFIEEE, 15X SLAM X%
EiERLE WEEMA”.

o PEtER: LA Gaussian map {E
HEERBE, &5 trackmg‘
map update F[] semantic feature
rendering,

o FRHA 3DGS BIXFR: NBZ%
FOBERT BREEAT &5
HE,

o RBPAYHEES: Gaussian BILARK
FEEH. IEENTELCZ.

a) Tlustration of GS-SLAM

Source: GS-SLAM project page

2% GSFF-SLAM; MSGS-SLAM

FAZA EEES I
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https://arxiv.org/html/2504.19409v2
https://www.mdpi.com/2073-8994/17/9/1576

3DGS N ARIETERZPIR FIFRER

* NASRBREE:

segmentation, editing, generation;

robotics, dynamic scenes, avatar;

medical /endoscopic scenes;

autonomous driving, occupancy #[] scene understanding,

* ERELICNA, ERE=MARE:

e 7F Gaussian _HEINTHABEKE?
o KT IRF loss, ?‘ﬂﬂﬁ'f{ﬁﬁ)ﬁfﬂﬂﬁﬁ@?
o Bir2EFER. BE/LE. EEEN, KEERAR/EE?

2% Awesome 3DGS Applications; A Survey on 3D Gaussian Splatting

PN BT

l
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https://github.com/heshuting555/Awesome-3DGS-Applications
https://arxiv.org/abs/2401.03890

SHRBIEA . 3DGS {EJI space representation

o MNRARBIRENHRE: XTI, rasterizer, IIES. BI&H

SAELE.

o MEARBIFE/UTITRN: XKERE. iF&. KEYUR. DU

fieEtt.

o MNRARBEIFETIEEERE: KT Gaussian FHEFIEN. 1B5.

occupancy B, feature,

o MNRARBIREENFIRIE: XKF feed-forward Gaussian, XD

LERIRIEES TR

3DGS WEIEE, EitiER.

representation 9,

PN

JUR, BRI R—ME 3D

3D Gaussian Splatting

BRI
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Part 6. RESEERESR

o D45 3DGS BUROWLEI: Fox. IKF. BF. UK.
o WLERRLLARE: Gaussian primitives FEEZFESE.

o IRANEREIER: MAKE., JUTERE. f=E5. et
MM R R,

BRI ERIZFEIARGER: Gaussian FISHMMAAEERE, Big
1RENUAIEFT Gaussian,

PN HCR
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BgE: 3DGS BURZOHLE

3D Camera 2D Alpha Rendered
Gaussian Projection Footprint Blending Image

Updated Loss /
Gaussian Backward

* 3DGS IB=#FEFR ™ A—HER. AIFIM Gaussian primitives,
* 81 Gaussian BHNE. RE. k. EHEMNSRE,
FEHAEEUE 3D Gaussian &SR _4E footprint,

e Z footprint 18IY alpha blending &REI%.

EHGIRE DR USRI R M EHT Gaussian 5%,

IXEFHERSIE T 3DGS ROV =, 1157, IBR. .

PN HCR

3D Gaussian Splatting 62 / 87



R NERNEREI= R NEA

PN

° ]ﬁﬂﬁtﬁi UERBE T, Gaussian primitives AJLASCEN S RESLASE

7|<o

o BISHUB: Gaussian OFIL, 1752, opacity FlI SH color $RIR
EEGEH.

 JIIERFIIR: rendered image SESLEGITE loss, HBEEMNE.
RE. hett. EPEN&SRE,

o REELRE: Gaussian AJLAYREEEEL depth, semantics, language.
object grouping. editing §[I generation {55,

FEE, 3DGS HNMERE—EFRNEN=4RT: LSRR,
WIRE. Wi, BATLAGRE A E R BRI EE R EAR.

HCR
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ERESE (—): BMSEHE

T HEIRR EEES

3DGS %0 neural field EFRESTHMABERL; neural field FAREE

HIXR? HEE/ZE, 3DGS FIEI Gaussian
primitives, £& projection F] splatting Z=f}Z]
.

G(x) EEREILEM G(x) ETEMEE, TTm x U1z

2 Gaussian MEEINMEE,; HIERHGER

AT LB TTE?

AT4AR R, S &
x?

BRI EESe opacity F color,

Gaussian BF(ESEE, MG REHNE;
W ERERERE LM footprint K/IN, 5
EFNLR,

BEENh A EREAReRASiE; AIE
RE S fiedE R ME, nILMRIFHERARE
}Eo

PN

HCR

3D Gaussian Splatting
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BERES (2): k. TRESNA

AIER EEER
3DGS WK OB REENUTFNNED, KFEATLL
AUSME T AIS? REESINE. S0AMA. SLAM,

ST AEREEREE
WE?

A fast rasterizer
REIR?

RIFRoftARSAR SRS
FE?

RGB-D/LiDAR, {HELELMLZETTN,
MBI, IEHOFM footprint
BEGR, GREREBUXEAEERAE
NEBRE.

S5 Gaussian DECEIFTEEE M tiles, BTE
tile )HEREF] alpha blending, BRGNS
Gaussian SETEGERZENILVE.

Gaussian BRRtE, AALERENE. T
4K, opacity, color ZHMERL depth, semantic
feature, language feature BY object ID,

PN

HCR

3D Gaussian Splatting
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SHIBRSAREIIF

o JUURIENY: MuBMRIFAETRATIREESER.,
o iZ{LBEJD: per-scene optimization B AR, feed-forward {AEARE.
o IBIEN : ELHRENSH, KEBEWHR. XEMESIES.

o RPER: THAYIBEA. AR MIBzNSY, ERELHEN. £
4. REMEEMTE.

3DGS HIRRSERERERRE. JUTTEMNE. TEELRFEN.

PN HCR
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Bk A: POARTRERFERTHR

S EIZAYIDER {£ 3DGS HEIER
THERAER HREN SRR & Gaussian LRI E
FEAARR LEENVEABRHE  FIEREAT

3— (LA R JQ%HHQ??FE"EBE RIRIFE AT/

REAER ERIEREMEER T8 footprint 1 loss X435

X R 3DGS AR, IERITENEEY RAETRISENEE.

PN HCR

3D Gaussian Splatting 67 / 87



Mi=% B: Benchmark ST

* BEGREER:

* PSNR: &XIRE;
* SSIM: ZEHIMEIIE;
* LPIPS: RAIHELIE,

VSt
* FPS BEZRAETIE];
* i)l1ZxESa];
EEFIEEIRN,

* NMARENCIGERE/UA. 1BX. IRER. JRESEMISR.
FENEXMUBEIRAR, FERE—DH.

PN BT
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MR C: &Rk

PN

JRYA 3DGS: Kerbl et al., 3D Gaussian Splatting official project page

BN/ BlEI7 R Lei Mao Camera Intrinsics and Extrinsics, PyTorch3D Cameras, PylmageSearch
neural field tutorial

3DGS BB Hugging Face 3DGS blog, How to Render a Single Gaussian Splat?, Scthe's 3DGS
rendering blog, Chauffier 3DGS

AT /SCIEIS: kweal23 gaussian_splatting_notes, joeyan MATH.md, Evolve Benchmark
JUAEI/SREE: Depth Anything 3, DA3-GIANT, DepthSplat

BN /TBS /4B LangSplat, LangSplatV2, Gaussian Grouping

SpY/BIATEN: DreamGaussian, LGM

SLAM/4RIR: GSFF-SLAM, MSGS-SLAM, Awesome 3DGS Applications, 3DGS Survey

ECEISIE: Original 3DGS project page, MIT Vision Book, Shi Yan single Gaussian splat, NVIDIA 3DGUT,
Depth Anything 3, DepthSplat, LangSplat, Gaussian Grouping, DreamGaussian, LGM, GS-SLAM project
page; generated teaching diagrams.

3D Gaussian Splattin,


https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://leimao.github.io/blog/Camera-Intrinsics-Extrinsics/
https://pytorch3d.org/docs/cameras
https://pyimagesearch.com/2024/10/28/nerfs-explained-goodbye-photogrammetry/
https://pyimagesearch.com/2024/10/28/nerfs-explained-goodbye-photogrammetry/
https://huggingface.co/blog/gaussian-splatting
https://shi-yan.github.io/how_to_render_a_single_gaussian_splat/
https://www.sctheblog.com/blog/gaussian-splatting/
https://www.sctheblog.com/blog/gaussian-splatting/
https://medium.com/@thibaut.chauffier/exploring-3d-gaussian-splatting-e50b8c9cee93
https://github.com/kwea123/gaussian_splatting_notes
https://github.com/joeyan/gaussian_splatting/blob/main/MATH.md
https://www.evolvebenchmark.com/blog-posts/3d-gaussian-splatting-rendering-gaussian-splats-in-real-time
https://depth-anything-3.github.io/
https://huggingface.co/depth-anything/DA3-GIANT
https://arxiv.org/html/2410.13862v2
https://arxiv.org/abs/2312.16084
https://langsplat-v2.github.io/
https://arxiv.org/abs/2312.00732
https://arxiv.org/abs/2309.16653
https://arxiv.org/abs/2402.05054
https://arxiv.org/html/2504.19409v2
https://www.mdpi.com/2073-8994/17/9/1576
https://github.com/heshuting555/Awesome-3DGS-Applications
https://arxiv.org/abs/2401.03890

: NI RERER ST

12 b WHREER

1. SeEmik 01 MFSRIESIRARFIZENR pipeline N, BEFRTSIAHRR. BH. ik
=&B54ERk.

2. $HEFIREE 02-06 M—H4E Gaussian HEEI=4 Gaussian, FBf#ERE covariance AH4E
HIFAR.

3. HAXTIETHR 07-08 3 Point-NeRF I Plenoxels XJf& 3DGS BT SRMERE
.

4. ERIEKRSE 09-12 FRRRBEEFMTA. G(x) WMARIERAK. 3D Gaussian F{ATAT{
splatting,

5. YIERHLE 13-14 TRBBSEUSIL. loss. clone/split/prune 1 adaptive density control,

6. IESKER 15-16 A tile-based rasterizer F pipeline [E}ARRRSCATIEFITZEIAIA,

”%ﬁsﬂ’ﬁﬁaﬂﬁl\% RAOBZEETE—RRIA 3DGS iy "REl—8E—7
/£—1JII?§\

u

PN BT
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1. I =#EA: 3DGS &®

Contributions

1 BINT—FhEEFAE( i)

SEINTE

2 ST T fEFAGPUBHTHRIEFT HANER, AFSESEAMEER(
3 R THISDEAS AT, FHRERSHT

Camela
fet .
g — | Initialization | —»
oo .
SfM Points 3D Gausslans

Adaptive
Density Control

/
&«

fEABERE. IFEOHNEHERIA;

VFORIER &,

Differentiable
Tile Rasterizer

< ’ Image

‘ —» Operation Flow

—» Gradient Flow

Source: Video lecture PPT screenshot provided by user

FAZA

3D Gaussian Splatting




2. BIFINEE: —HE Gaussian BIEARF

© BRI TRRIMEREE R

z ~ N(u,0?)
_ 1 (z —n)°
p(z) = . mewp(— 52

© SHEHRSTRRIMEREE R

v=labd” o]

\az + 0%+ 02‘
> )

[y

= o P

17
= Wezp(fgv v)

Source: Video lecture PPT screenshot provided by user

FAZA

3D Gaussian Splatting
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2. BUFTNE: =% Gaussian HIXRZE

{ NO1): v = [a,b,c]T
ST x = [z,y,2]"

- Wexp(—%\(x — T ATIAx — ) 1
Emg p = [E(z), E(y), B(2)]"

Source: Video lecture PPT screenshot provided by user

FAZA
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2. HFME: (hHERETEER

pY) = Gmen(—y b= AT A~ )
s v = d(AGx— p) = |Aldx |

1 m///jﬁm(%(x — WTATAx — )y
=l J@me(-gx — )" AT AGx )X

(27!’ 3/2

Source: Video lecture PPT screenshot provided by user

FAZA BT

3D Gaussian Splatting 74 ) 87



2. BN (PYIHASRY Gaussian ZE

1= ] | g e AT A G~ )i

|A|

Wezp(—é(x — WTATA(x — )

mxmERy:  p(x) =

Source: Video lecture PPT screenshot provided by user

FAZA

3D Gaussian Splatting



2. FME: MAHERESHIEDE

3D Gaussian |
HEESR

Zz
el 2 = UAUT

o0 = Lo 3 AT A )

(27

vt =1 E
R i

5 = (UA) AT
¥ =AAT

Source: Video lecture PPT screenshot provided by user

4 1
€T
= @m0 2 i

FAZA BT
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3. FBXTYEXIHR: Point-NeRF

Point-NeRF

Volume Rendering

1. A RET S RE;

BRI — BRI P RO
AR, RASSRERREE,

3. BERR=EMIG.

N

ray distance

= g.t.JI3

Rendering Loss.

(b) Point-NeRF Representation with Volume Rendering.

[CVPR 2022] Point-NeRF: Point-Based Neural Radiance Fields
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3. FHXTAEXIRE: Plenoxels

Plenoxels

.« REERiEE

oherical harmonic) &%, REUSIRESEIREERBIERL.

Spherical
$ Hamonics

Predicted
Color

LM? -
Ray Distance

o Lo N 9 ) i
v . . ) Volumetric Renderin
A i P ) 9
= ~~ @ { S
o LA minimize Lyecon + ACrv
i (@6}

Training
Image

a) Sparse Voxel Grid b) Trilinear Interpolation d) Optimization
[CVPR 2022] Plenoxels: Radiance Fields without Neural Networks
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4. BRFENO: =H20RE

-

Bi5ix
1

1. FJ{4A93DEHERSplatting

2. RSBEIEREEE
3. REARUCHME
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4. BUR75iE: Point 2HEAZIEMN

Position(Mean)

MBS (thEP3DEHAIISE)
hITZERERE, IRERER K

"\« Covariance matrix
+ Opacity a AEBHE, FTFSplatting

BRIEEREL, PIAHERANR

Spherical harmonics
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4. BUKFi%: Covariance Matrix 5 G(x)

Covariance Matrix

1. 3DEHAIENX

G(x) =e 27X
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4. BKF%: 811 3D Gaussian Splatting

am» o nFIAY3DEEISplatting

- o Differentiable 3D Gaussian Splatting 3

Covariance Matrix R
it LR

: Pl
2. thITEAERIIEA Y i o
T = AAT B i
~ [cos(8) —sin(6) A SRR
l, % R= [sin(9) cos(6) ]
s, 0
g S=|"
e [ 0 s, ] A

% = RSSTRT  (nesesmmenotife? ®e2 w2 )

L d b Lo v wow
Ny -
N

k3

<

ER—KIF@Xinyu Chen: AMTENUIERE [1h752IERE| 2 T —
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Sl

o BENVEEEE TP (Stochastic Gradient Descent)
« CUDARZI

- HRESERME

moid F1 Exponential BiEREL Original :““u“:\‘“m
o IRIREREL

Fig. 3. We visualize the 3D Gaussians after optimization by shrinking them
60% (far right). This clearly shows the anisotropic shapes of the 3D Gaussians

that compactly represent complex geometry after optimization. Left the
L=01-1L:+2ALp-ssim actual rendered image.
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YIGHNE: Adaptive Control of Gaussia

Adaptive Control of Gaussians

+ BI00RIEABIR AN ERIR
© EETRSNKEEFRERANT

Under-
Reconstruction

» Under-reconstruction: clone

Over-
Reconstruction

reconstruction: split Split Optimization
3 Continues

© EEMHSTERBE S = 0BT AR oat
— " . Fig. 4. Our adaptive Gaussian densification scheme. Top row (under-
© EEMBRRANSHATRRES; reconstruction): When small-scale geometry (black outline) is insufficiently

covered, we clone the respective Gaussian. Bottom row (over-reconstruction):
If small-scale geometry is represented by one large splat, we split it in two.

Source: Video lecture PPT screenshot provided by user

FAZA

3D Gaussian Splatting



6. TFENME: Tile-based Rasterizer

— o PRiEAHIFEHME

Fast Differentiable Rasterizer for Gaussians

Tile-based Rasterizer

1. BEAMEBRUDT 16716 4 tiles, T4 tile MIEEPIPKEERIINAISD Gaussian;

2. BMUBARIHUTEAT 09% BB, FHRA=H=;

3. FHTHIFESA tile L splat;

4. BGROEHE A2 SRR AR

5. RAIEEREMIR tle WBRHHTERS|; RS
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6. Pipeline [B1#0: &R 3DGS FSEEAER

Tile Rasterizer

Y
Differentiable | — Image

/"

Initialization | — .
Adaptive

3D Gaussians Density Control

~— Gradient Flow

‘ — Operation Flow

SfM Points

Fig. 2. Optimization starts with the sparse STM point cloud and creates a set of 3D Gaussians. We then optimize and adaptively control the density of this set
of Gaussians. During optimization we use our fast tile-based renderer, allowing competitive training times compared to SOTA fast radiance field methods.

Once trained, our renderer allows real-time navigation for a wide variety of scenes.
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