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Abstract: Objective In digital human dance performance, camera movement quality directly impacts the artistic expres-
sion of choreography and the audience’s viewing experience. Camera trajectory design serves multiple functions: guiding
viewer attention toward key performers, conveying emotional atmosphere through framing and motion, and enhancing the
visual impact of dance movements through coordinated camera dynamics. However, manually designing camera movements
for a given dance sequence is labor-intensive and demands both cinematic expertise and deep understanding of choreo-
graphic structure. Consequently, automatic dance camera movement synthesis has emerged as an important research direc-
tion in cross-modal content generation. Existing music- and dance-driven camera synthesis methods, including DanceCam-
era3D, DanceCamAnimator, and TemMEGA, focus on generating camera trajectories. aligned with basic rhythm and
motion patterns of the input performance. While these methods have advanced automation, they share a critical limitation :
they do not support explicit user control over the generated results. In professional filmmaking workflows, practitioners
require fine-grained editorial control along two independent dimensions. The first is style controllability—the capacity to
specify the overall artistic style of camera work , such as K-pop, Choreography, or Jazz. The second is trajectory controlla-
bility—the ability to input camera parameters at specific keyframes, including position, orientation, and field of view, to
guide the generated trajectory toward a desired creative intent. No existing dance camera synthesis method has explicitly
modeled either form of user control, leaving a significant gap between research prototypes and practical production tools.
This work addresses the problem of controllable multi-style dance camera movement synthesis, targeting dual-dimensional
user control over both the artistic style and the spatial trajectory of synthesized camera motion. Method We propose Cirl-
DanceCam, a framework that, for the first time in dance camera synthesis, enables users to interactively specify style
labels and keyframe constraints as explicit conditioning signals. The framework is built upon a controllable camera synthe-
sis network backbone, ControlCamNet, comprising two tightly integrated modules: a keyframe prediction module (KPM)
and a controllable trajectory synthesis module (CTSM). Given an input music sequence and a dance motion sequence with
a user-specified style label, the KPM predicts a binary keyframe sequence identifying shot boundaries. KPM employs a
Transformer encoder augmented with a learnable style encoder that maps discrete style labels into continuous embeddings.
These style-conditioned embeddings, fused with music and dance features, enable prediction of keyframe distributions
characteristic of the target style—for instance, sparse keyframes for jazz-style long takes versus dense keylframes for
locking-style rapid cuts. The module is trained with a weighted binary cross-entropy loss to address class imbalance. The
CTSM synthesizes the complete camera motion sequence using predicted or user-specified keyframes as anchor points. For
each shot defined by consecutive keyframes, CTSM predicts camera parameters at boundary frames and learns a style-
conditioned, monotonically increasing interpolation function rho (t; s) governing the intra-shot motion profile. Non-
keyframe camera parameters are obtained through rho (t; s) -weighted interpolation between boundary predictions. This
design ensures smooth intra-shot transitions while allowing style-dependent intra-shot motion profiles. When users provide
hard constraints by specifying camera parameters at particular keyframe indices, CTSM substitutes these values for model
predictions, enabling precise trajectory-level editing. To enhance style-conditioning responsiveness and synthesis quality,
we design a style-aware adversarial training (SAAT) strategy with three complementary loss components: a controllable
style contrastive loss that compels the generator to produce outputs judged as realistic under the correct style label while
penalized under incorrect labels, a style classification loss with label smoothing for style-consistent generation, and a base
Wasserstein adversarial loss with gradient penalty. These losses synergistically prevent inter-style confusion, ensure intra-
style consistency, and promote overall realism. To support style-controllable training, we augment the dance-camera-music
(DCM) dataset with fine-grained style annotations. Through multiple rounds of discussion with professional animators, and
referencing the FineDance style taxonomy for semantic alignment with upstream music-to-dance generation, each sample is
annotated with one of eight styles: K-pop, Choreography, Traditional Chinese Dance, Hip-hop, Popping, Locking,
Urban, and Jazz. Statistical analysis across these styles reveals quantifiable differences in keyframe density (ranging from

2. 640% for Jazz to 31. 484% for Locking) , shot length, field of view (FOV) variation, and camera velocily, confirming
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the validity of the labeling scheme and motivating the need for style-adaptive keyframe prediction. Result Comprehensive
experiments on the DCM dataset—the only publicly available dance-camera paired benchmark—demonstrate the effective-
ness of CtrlDanceCam. In terms of generation quality, the full model achieves Fréchet inception distances of 3. 022 (FID, )
and 0. 251 (FID,). The average Euclidean distances are 3. 101 (Dist,) and 1. 355 (Dist,). For dancer tracking fidelity,
the dancer missing rate (DMR) is 0. 0019 and the limbs capture difference (LCD) is 0. 140. These results outperform
DanceCamera3D, DanceCamAnimator, and TemMEGA on five of the six metrics, while remaining competitive on Dist,.
Ablation studies confirm the contribution of each architectural component. Removing SAAT degrades FID, to 3. 512 and
FID, to 0. 345. Removing the controllable style contrastive loss raises FID_ to 0. 317, confirming its contribution to style
discrimination. Replacing the KPM-predicted keyframes with uniform sampling drives FID, to 3. 742 and FID, to 0. 366,
while stripping style conditioning from KPM disproportionately harms FID_to 0. 331, confirming that style-conditioned key-
frame prediction forms the upstream basis of the framework’s style controllability. Substituting the learnable interpolation
function rtho (t;s) with fixed linear interpolation causes FID, to rise sharply from 0.251 to 0. 346—a substantially larger
degradation than the corresponding FID, increase from 3. 022 to 3. 351—revealing that rho (t;s) contributes an indepen-
dent, intra-shot layer of style expression beyond KPM's inter-shot style differentiation. Keyframe density sensitivity analy-
sis further shows that the KPM adaptive strategy achieves the optimal balance across all metrics, outperforming every fixed-
density configuration from 3% to 30%. Qualitative visualizations confirm that distinct style labels yield clearly differenti-
ated camera trajectories, and that sparse user-specified keyframe constraints effectively adjust the generated camera motion
toward the desired result, jointly validating the dual-dimensional controllable synthesis. Conclusion CirlDanceCam intro-
duces a novel paradigm for dance camera synthesis by enabling simultaneous trajectory-level and style-level user control.
Its modular architecture decomposes controllable synthesis into interpretable sub-problems of style-conditioned keyframe
prediction and style-conditioned intra-shot interpolation. The design facilitates future extensions to richer control modalities
including path constraints, velocity constraints, and fine-grained shot composition parameters. The style labeling scheme
established for DCM provides a foundation for future style-aware camera synthesis research. CtrlDanceCam demonstrates
the feasibility of integrating interactive user control into cross-modal generative frameworks, offering a practical technical
pathway for deploying automatic camera synthesis in professional creative workflows such as virtual production, digital per-
formance, and immersive media creation. Code is available at ScienceDB : https://www. scidb. cn/s/vUr2Av

Key words: dance camera movement synthesis; controllable synthesis; style-aware; adversarial training; keyframe pre-

diction; digital human animation; cross-modal generation
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XS B3 25 FIT SAAT VI 255K s, 2B T DCA R A5 119
WUAS ST RE 1 5 (o) 47 {1 5 W : CtrlDanceCam [
CTSM BB 1 A T KUK s 25 14 7] 2 ] i (L R
Bop(es s), A5 [F] KUK 52 30 22 54k 1 3 2 i T
11 DCA SR FH 1] 5 A4 (et

SR 8 T T8 U A R (KPM) o KPM 7 57 7 ) i
BES

e L IR R E
TN WU SR GBI, IZAEHORE ] P 48 E 1 XU
BRAEAE R 2 OG5 5 B AR XU ARAT , ] i)
Holi 3 o P 3R 7 e s il Y S 4 11

A SR G BT TS0 AR Ay 2% 1 R 38 T [ A
T 5, AT A T 8 KUK S % e A B HOXURS A 4 s
LSRR SR UK R A ] 2 e, 0T T 2 I 2, R
FENL =h + w9 shed 1,68 h Wil 5 w ik
ok IF PR A E AR E m, ., FEEESIAE
Ay ey POV R BEWIRR T F 5 K, 1o
WAEHEN e, 8] RPN E L, IC e, D10 FAY
HE BT R L™ e m o e 6@ L g
Transformer 2 i &% , fir 238 15 — > 5328 3k T A >k
w WP A — T DAy 5 B it Fr) AR 5

ki =Pk = Umy s e s e, ®1,),(1)

KPM & HIINAL =70 58 SR 2k A7 45, AL
G B TRN I DG ST =2 8] Py 248 3 AS S A 7] R«
'Ckf =

w=1

STk o) + (1 b Jiog(1 )

i=0

(2)
Lk, HETAANRSE A > 1R EHRE B ss
SRAEW AT o i i 3 (A BRIV T A5 31 A5G
BEWUF S KA AR 5 LA AR B BE A SR
AR ZAR KM P A7 i Bk U 1B Ben]

FRH
k= KPM(m,dys) = {axgmax P (klm.ds)} . (3)
T A AL E (CTSM) . CTSM 2 Control-

CamNet %0, ATt A R AW B BT ¢ 2R

B 4 Rl % 1) I W 7 79 P 45 300 2R 0+ 1)

KPM B0 o5 1 1 B2 16 2 11 56 BT 90 £ 2) KU

ﬁﬁ%ﬁﬁﬂﬂ%ﬁﬁTﬁmﬂ%ﬁ%%M%

) U= o g o gy g g O €™

CTSM ¥ LA BEAE R F P 4 il SR 64 76 A

2 PR LR AR X 2 5 B Sy 237

5o TR A S T B LN G 1 R S

TAINLE S 4R BB 1 F SCR RS i

e, A PP T R A 1 6 S A 10 R L

B T 9 S S 1 R RS o

AT — > T R B 2 14 B £

P (0 9) €101 e i e memitmliz

20 2 X A R A (7

¢, =¢, + p(t; s)(é,ﬂl - é,/),t e [t].,tl.ﬂ], (4)

VLB AR T AN Sk 7 032 30 1 T 0

R S0P AR IR KU S B2 S AL 32 BT e
R AT AL

c= CTSM(m,d,s,k,{(uj,c;)}), (5)

) PR AR B A& 1 (1 0 = D)

«W%”ﬁéﬁﬁﬁ@ﬁwﬁ%%ﬁW%%mmm

UK 5
ControlCamNet [ £ i, 3= 1% FH ¢h =5 44 1 Fil iz
Bl I W ZAT: 55 40 0k eRBGHEA T U 5 -

L,=A Lo +A L+ L. +A,L,. (6)
X, L, BN ERR, L, L, 7353 K R F
TR -1 AR L, R B A R SR AR
DU AL T HRIS A OCHY B IR . AR 7R S50 P e
BEHA.=2,4,=5,A,,=5,A,=0.0075,

1.4 BRI HUIZ

h BEBRAGTRL RS XUk 2 1) 2 A1F A i 102 RE 3 58 1
JE, A SCE T T RURS BT BT I 2k (style-aware
adversarial training, SAAT) , HAZ 0 J&— > ] B A& H
LSV 1) 5 KUARS 23 2 Y 0 3 D, G TR 4 R
A LRI SRRl G 0 SRR IE A A, B
P A Transformer 4 % %% F1 22 22 8% H1 4% (multilayer

> pE

g R On
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perceptron, MLP) ¥4 Jif, , & 7E [A] B 1 53] 7 51) i) B0 55 P
SRS 2501 0 TR P

BHIES BAIEE

27 Zapx  (DBIRR
%5 PN
HRIGHAESRES%E | Loy =

MLP
| i

©) c
m— MLP
FHFHE

)
Mﬁﬁiﬂﬁﬁﬂ“ﬁﬂ%ﬂﬁ%'—iﬂéﬁﬁﬁﬁ

B4 KU EHIXTHT AR (SAAT)HESEIAL , £ 5 X Hi )5 s
JRUAR 53 St R =40 K bR R

Fig. 4 Framework of style-aware adversarial training (SAAT),

including an adversarial discriminator, a style classifier, and

three loss functions

SAAT FE T4 16 FE A& 31 1) Wasserstein 2 Bl XT 4T
2% (Wasserstein generative adversarial network with
gradient penalty, WGAN-GP) #E 28 (Gulrajani &5
2017) BT, AEHEERE 51T RURS A 5 A 00 3]
B o XURS AT 425 A A% O X L TE T < AN [ KU 1Y
iz SR, g B S AR T, n] RE e AR, Al A%
PR AMELL S RS 4040 1X 73 o SAAT i LR =4
5% PRI R A R T AL

AT AR X AR 2 e, 241 R AR A
TR AR 42 ] 25 A5 AR A RN, 7 LB AR [] XUAS Ji] g
IRYE o X T CtrlDanceCam & A A FEA , H) 51 2% [R] B
FMSCIE A ) XURR A 28 s R — > BEATLRAE 1) 5 15 XU
PR 5. Al an i H bR 2 i KA REATE IE B AR 2% T
8 LS 53 B, () I die /M AR SRR PR 2 1 38K
AR IETF WOANHEAL 1T

Ly . =—E [’D (CtrlDanceCam (m,d,s)ls) ] e
7
+E['D (CtrlDanceCam(m,d,s) |§) } s

A AR A A TR A XURS BR 2
A e A B AR, DT N7 RS R 2 5 A
ERE P S L Q3
WA S4B 5 Lo JUSH B DAL 17— AU
53383k D, 38 WS SR BEA TN SR . AR SCRH]
BRI 0 38 SUIR B R N2 it 3 2k, Dhaa i A=
s A 5 H AR KRS 5 B — B 3
Lo = CE(D(‘R(CtrlDanceCam(m,d,s) ),s ; a),(S)
L CE 2678 28 X (cross-entropy , CE) $1 2K, a R H5

Eo (S
HERXTHLIAK Come TR HL S K 50 2
S A R ] BERE T LSRR A BOREAR
L. =-E [D (CtrlDanceCam (m,d.s) ) }o (9)

KUK XI5 0 35152 b3 =AM 2k o
B AL
Lovir = A ae Lot agte + Ao Lo ote + Aun Lo (10)
2 A, =4X 107 A, =5% 107 A, =5 X
107 b 22 R I 25 bR O 4 I 26 55 SAAT 45 %
Z*ﬂ M

Lo =L+ Lo (11)

S )95 5 e R o 58 B O A bR A, T
R FIRIR LR KA T B T 1 Bl —— T 42 XA
S HEAB 2 7 1 KRR TR I, KU 43 258 2 XU 1A
B, SRR B T R B S
1.5 TWIEE MR

TEHEFR By BE , CtrlDanceCam 235 #h vl 354 K
B 1) HRAE A B T m SEES d BT 3552 1K
W b % s, KPM OB A g 06 B b sk =
KPM(m, d, ), ) 3 et 51 b KU BRAE o L) J&
A BRI P I35 2 0 4 1, CTSM 4 1 58 % A L
5 ¢

TE B T 4 A L P A — 2 i R
T B e SRR
ﬁ“w%“WWﬁmFﬁﬂ%#oﬁemm&Jﬂ
FURE 02 $OK B R A OB (. ELIA T
F TV e U, 4% T S, ARG RAIERAL Y

c= CTSM(m,d,s,k,{(u,,c;)}), (12)

TR A0V P38 s 1 S S A T LD
5158 A G2 BRI E P, 2B T 050 i A 7T
etk

TE KUK T 6 AP P P o 95 5 RS AR5 5
e A IZ B 2 AR . s T LU 85— bR 4
T B s U U o
e ATETE A B B S T 25 AR KUK 2 T 7
bk

G A LI AT 15 R T 4 2 s 2 L AR AE
B 5 — B P R T A M
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c= CtrlDanceCam(m,d,s,U,{c:l})
(13)
= CTSM (m,d,s,k,{(uj,c:j) } )O
MU = SRR To T 6 i KRS TR A
A5 2 s S EE AR O RS B BV Sk AR SC A2 56 B0 E 1
B v AR A 455 B 8 4 I S 3 1 s 5 XUk
A BUER $5 i, 80 AR EE T CrrlDanceCam AE 42 78 £ i
1B B BT ARG T

2 LN RMoH

2.1 HEESHELE

S50 T H BT AR ME — 2 T Y = 4E SR -1
4% - 5% % (dance-camera-music, DCM) Bt % %% 3% 42
(Wang 55 ,2024a) . by SCHE KUK AT 425 R BF 58 H
i, X BAHE 4R vh BT A G B PR S EAT T ARLIE Y XUk
PRAEFRIE o AL 25 5500 3™ 4 A0 S an BE S 1
REE R 53, AR SE 06 i 0 PP 5 T S B . ey
TESE I BE , ¥ SR {5 5l 1 Librosa &b # N T x 35 4
A P4 IE m e RT 2 BRI Sl AR R AL R 60 > A 1A
KR E T d e R™ ™ MIHLE B R )

AL FR T ) MikuMikuDance (MMD) 40 HL 2 5 3 78 #%
K, TR N e e R7AUESH 5 00E VLR B
B KA A S B KR AR 2 s RBUE IS I T 1%
ZN LR IR T x 1R 5 5548
2.2 RUIET

CtrlDanceCam HE 28 B 2 ¥ & & 103 M, H
KPM {215 39 M, CTSM 2 7 64 M, A L33 7F —
5 It 45 M 5K NVIDIA RTX PRO 5000 GPU f4 T /E i
F5E . KPM YIZRIHLR KN A 1024, 2% 2] R K 2x
107, 2R AN — 70 38 SR 483 2 Ak 2428 551 AS SF- iy i)
R, HL A IE BEAR A B8 0 2. 0, T BEAR I AR
FHO0.5, CTSMBLHHL IR K /N R 512, 2% 2 K [\
2x10%, A R A A B B AN R - R
Ao =2, HEBESE W55 AL, = 5, i B O W 46 ok
Noo =5, IR 11K A, = 0.0075. Bl 4
K FH WA o B 8l 25 5K W < i 250 /4> epoch H] 1] #5272 2] 3R
M X107, B EE ARSI y = 0. 5; JR 8l girhag ) R
W& S 5%x10°, y = 0.8, AT ¥ KA XT Hfi Ak AL
T A = 4 X 107 e S0 TR Ao = 5 X
1O S 488 e AL T Ao = 5 X 107 by 8 B
1200 % , 8 1] Adan 14k 284791124

®2 HEDCMEEE LSHEFTEXILL
Table 2 Comparison with existing methods on the DCM dataset

Wik FID, | FID_ | Dist, 1 Dist, 1 DMR | LCD |
GT - - 3.275 1.731 0.0014 -
R 14.295 2.621 3.836 1.914 0.0194 0.188
DanceRevolution 10.267 2.368 1.491 1.491 0.0062 0.154
FACT 5.205 0.960 1.505 1.007 0.0070 0.151
DanceCamera3D 3.749 0.280 1.631 1.326 0.0025 0.147
DanceCamAnimator 3.453 0.268 3.140 1.293 0.0022 0.152
TemMEGA 3.237 0.255 1.961 1.347 0.0020 0.141
CtrlDanceCam 3.022 0.251 3.101 1.355 0.0019 0.140

e T FOR BRI, | FR BB R I REBAIL , IR X I 15 b i e AL 4 24

2.3 iFMIERR

h 2 T PEAG A 82 SR B B o AR DCM
(Wang &5, 2024a) B F A F5 b5 A A2 UL L 201
IR Vi 5% BB O LR = T A TV A
T A A TR Y I R BGES 46 B 25 (Fréchet incep-
tion distance, FID,/FID, ) , Ff -1 & 22 #E 1 19 7 2 R
[CI 2 (average Euclidean distance , Dist,/Dist,) , LA &

P T VAl B S T 01 BB DR O Y BR R R R
(dancer missing rate, DMR) 5 B A& 4l #2 22 5% (limbs
capture difference, LCD) o HH N A5 k Fl s 4351 %
7N 18 ) 2 B AE (kinetie features) 55 [8] A1 4% Sk FRAE
(shot features ) %3 [A]
2.4 S5HAFENXIL

R2JER TARICINE S Z A J7 148 DCM
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HOHE A L 2 R 6 O R A S A (2022) |
DanceRevolution (Huang &:.2021) . FACT (Li £,
2021) . DanceCamera3D (Wang 4% , 2024a) | DanceCa-
mAnimator (Wang %5 , 2024b) Fl TemMEGA (Xu %5 ,
2025) . CtrlDanceCam 7 A= i[5 f2: F1 A% B 3 51 BR Bl
PRECEEJr IR, Forh FID R FID 5351k 3. 022
#10.251, DMR HILCD 435>/ 0. 0019 1 0. 140, T
FoAbX L 75 1% s FEBGI Z2 6V 7 1T, Dist, A Dist, 73531

PR3, 10011 1. 355, (45 T B 10 A BERE . 38
Pk ) AR SCIr o A ST B W i S
BB LR 1 I R RS FE LI 2 REAE . KPM 5
CTSME b JAURK 26 1 A A5 43 5125 53 R [ RS £
BRSSP 32 BB  SAAT JE— B3 T 78
R 51 B 5 AU — B

K5 DUFR RS BT ARAG . S 1~4 2350000 T U L B At v e B T IXUA o T PO A B ik s i) 2%

Fig. 5 Qualitative results for four styles. Song 1~4: Korean, Jazz, Traditional-Chinese, Urban. Ground grid provides spatial refer-

(a) Ttz

ence

(b) RS

(c) Fhai+ RS

K6 s s Ak . (a) 32 (1A 5(d)) 5 () SUARS SR (25 ) 5 (o) I+ DRURS XLE% i

Fig. 6 Controllable synthesis. (a) baseline, same as Fig. 5(d)

; (b) style control only (Choreography); (¢) trajectory + style control

© [ KR - AU
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2.5 ARG

K5 s 17 DU R AU T 90z 45 ] AR A5 R, IF
DL th 9 CGBcth 1—4) DX AN Rl R . 185 (a) %
PRI 1 CRb R XA ), S B S 0 ) AR A, 5t
524 By R PRI At B, A B A R ) 5 K 9 B2 [
5(b) XS B 2 CB b UA ) | B AR BB B 450, O
BT 5 T A AR A EE AT B RRAIE 5 181 5 (o) X LR i
3(RGEH E BRI ) , 5 22 R ] 5 B AKS PR AT
e 1 B 5 3, B Sk AR PR X P A5 B 5 () R iz R
il 4 CER T XURS ), B R B AL B i , A\ 7 1
T PP A R RIS BB 22 . ikl Ak s 2R
FMW] AR AR A28 REAR (i 25 oz B i 57001 A48 L
Fr R 1] 7 XA 5 T S B 2 S AL RRAE .

K6 /R 1 S LA B B A 2R, =4
T ER R B B A S WS VIR HUE B IR i 58 4
A R . B 6(a) BT 5 (d) AR T IXUAR B A 3l
AR M T A 2 B AL 18] 6 (b) 15 R
R AR5 BRI AR OU T, K XA s 25 1
U 2 B , A2 A SRAE SR AR A AR 14 D7 5L
R W25 57, U W XURS 25 F BE A A 00 1 R 1A

F3 RS HIIZE (SAAT) B L ie
Table 3 Results of ablation experiment on style-—aware

adversarial training (SAAT)

FID, FID. Dist, Dist, DMR LCD

ik N S S Y
w/o SAAT 3.512 0.345 3.241 1.304 0.0030 0.155
w/o [:g(m 3.423 0.322 3.244 1.347 0.0028 0.154
wio L., 3093 0278 3201 1366 0.0017 0.148
Wio L. 3.193 0317 3239 1.361 0.0021 0.151

Pl CulDance- 5 o) 0251 3.101 1355 0.0019 0.140

Cam

F4  XEMBMELR (KPM ) iH BRI 45 R
Table 4 Results of ablation experiment on keyframe pre-
diction module (KPM)

T T FORBUE MG, | FR BB N s I 27 X
BEAR AR BT ERAEES R 5 who FRrn B BRAH A e sl 5 2 0

18 SR 1T 6 (o) E— 20 70 2 B AR B il L= %o
R WA LS BT N AR 2 , SR S 20 B
AT A A PR 5 A A A A Tl R . X T 6(b)
56 (c) AT UL, TP 368 o 20 g O i ot 24 R B0 m ] x A
JRCAS A HEAT SRR AE TE DA TS B A58 2 I A e 4
i

FID, FID, Dist, Dist, DMR “LCD

e l l
3.742 0.366 2.834 1.196 0.0030 0.156

Tk

Uniform—-KF

KPM  w/o  style
cond.

3.382 0.331 2.981 1.274 0.0024 0.149

Full CtrlDanceCam  3.022 0.251 3.101 1.355 0.0019 0.140
Hee T FRORBUERRAL , | 2R BN 5 e 0k

NEAEAR A LA 5 s who R B BRAR I 18
3 i #

2B E CtrlDanceCam A% 0o 4L 2E 1 BTk
DA BT AR TR B A RE 8, AR 45 DT il 52
5 R S B o 23 R R G B TR TS . T s
6 T8 56 SAAT KUK JECAT X Bt DIl 2 Ko 7 4 2 30T
KPM S B Mt F I B ke F CTSM AT 58 BI04 B e =
AN T 5 A T2 3 ARURR M o0 W 2 A 1 e 4 SR
5538 IV SR WX B B R A R
3.1 SAAT XUt& B &N Xt i)l 2k 08 ft

F3EIR T SAAT B HA TR IR IH Rl 25 5
SE AR A T AR R R A bR RE LR B,
GBS ORFE T A (I 2 1 5 3 2 R B L L3
LA SAAT A B S B FID, F+ £ 3. 512 . FID_J+ &
0. 345, 50iiE 1T XTI ZRAE SR 2B B H e 5 XA —
BT WA R o 7045 TR, Lo BOREBR 0T
Az T R I AR (FID, T4 3. 423) , WE B JERE X Bt
PG S AR UE By B A A s RS B AT 4 KU
A AR R Lone J5 |, FIDs TH 2 0. 317, W% %A
Bl 32 A [) JRURS T ) T 38 5 344 5 XA [X 3 RE T o
Bl Lave oo J5 , FID_F 0. 251 715 0. 278, H9% Dist /s
W& 122 1. 366, {H FID_FI LCD 4548 5 H BB AL , 9
JRUKE 3 2 2 32 8 FH T 1 5 XA — S5, i 3R B4l
TR . TH A ES R R TR PR TAE, ff
AR 24 [ o ST R g £ L2000 2 1 S A M XU 42 11
3.2 KPM XEMTHUNARLRE B

KPM 5 CTSM 7 HE 2 b il 48 18 X D E C &
——CTSM LA KPM T iy G B i hy 5 ) it EL 2
FEBRAT — R Hul S 8O R RN . M IR 3E KPM
OB T R W pr ik, AT R AR E T AL (a)
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Uniform-KF : 1 KPM T fr) 56 5k it 425 46 4y 24 5 1] B
K HE 3% A CTSM IE % & 5 (b) KPM w/o style
cond. : P& B KPM 25 ¥4 (B FL B KM i A 2514 63,11%
T 5 PN S RO T OC B T, SE IS 2 AR ANk 4
Fim o

i1 3% 4 7 41, Uniform-KF 7E 4 W48 b5 _E A M
SEREA FID, M 3. 022 7+ % 3. 742, FID_M 0. 251 FF
£0.366, 5] RAETCI AR HE XA AH I 1 553k V) 4
B A R AU LA 25 5510 10 O e i 235 5 i &
P 43 A 5 AF —— B 1 XU OG5 ol B B (9% B
2.640%) ik A R, T A1 2 XU O B g 22 4
(52 31. 484%) UIHG AT %5, KPM id ik XA i A2
2 BT X 2% AL Y OGB4 A . KPM w/o style
cond. B4 T XURS AH G 6 A5 R A5 I B B K (FID, A
0.251 7+ 2 0. 331) , 1 B AU ik A 32 22 52 M) OC 5 il
AR P A, SRR KU 25145 KPMAR £k ok IR
& T 1 38 FH QSRS I 25, T R AS ] XURS 2 1k
2= SR BT S DI w5 30 iz B 1 KU X 43
BER R 25 1, KPM 3E i XUAS 45 4 i) O Bt o
T, S8 F Ui CTSM $RAE T XU BT A R o, SR HE
ZR XA AT BE T ) LR
3.3 CTSM A= #i7 & B AR HRE Rl

CTSM N HBAL 5 = A 2588 - 1) Tl 5C B ot b AH
LS 2) B0 RS S5 AR R 8 p (15 )5 3)HE A
KAFEA NE . Hrp2P R 1) B0 RS 2
W 3) R Al SR ERAE Ml — 0] 2 ST Al 2 A B 2)
—p(t5 5)o p(e; s) P T 85k P HEWT A 2]
KHEWIB T E T 220 Wp(es ) B4 e Ltk
{#i{E (Linear) J57 , LI 25 R 4N 5 s o

x5 WEHTABER(CTSM)HRISLKE
Table 5 Results of ablation experiment on controllable

trajectory synthesis module (CTSM)

Tk FID, | FID, | DMR | LCD |
Linear 3.351 0.346 0.0023 0.148
Full 3.022 0.251 0.0019 0.140

TE e | FORBE AN 5 ITHL 2 75 X6 LA bR ) B I 2 2R

R STIAL ¥ p (5 o) B N LMEAGRES , FID,
FFID, ¥ BB 4L, 18 FID, B3 2 (M 0. 251 JF &=
0.346) B 3 KT FID, IR A (M 3. 022 F+ £ 3. 351) .
FID, (/)M b 356 I B A A PR AR A (A, CTSM A5 RE

AU A5 P8 G B WA AL 2 580, 300 B Ak 23 ) 1] £
FRHARIEH o FID, BB = T p (15 s) %
AR R < XUKS AT 428 G A AN 75 28 DG BT 3 A 19 IXUAS
b (el KPM 5157 ) , i 2255 3k 2 3715 Z2 (1 XU 1k
(Hp(t; s)T57) o AR FOV A5 k2 FAHAL
W25 B (R 1 FTR) ,p(es5 o) WT AR KUAK
L2 AR AR 3k N T i 2 —— R MR (T e T X
S S AT WAS R AL R 4 — i S B . K
55 2R, CTSM H1 8 p (15 )38 3 RS S 44k 1 B
Pz Bl X2 G5 KU e K 77 AR T ST T KPM G
ST A DTRR . &5 G2 4 09 KPM T AL, HEZR 1 X
PTG BRI 3 A 108 IXURS R Sk PR Aol U ) JXUR:
PRI J2 T8 P ) S8R

®6 KEMEEHBEST

Table 6 Sensitivity analysis under keyframe density

FID, FID, Dis;, Dist DMR LCD

s S S S P
3%(Fidi)  3.754 0.365 2.761 1.176 0.0031 0.157
5% 3.436 0318 2.938 1.263 0.0025 0.149
10% 3.218 0.286 3.047 1.327 0.0022 0.145
20% 3.509 0.334 2.872 1.232 0.0026 0.151
30%(%4E)  3.872 0.383 2.603 1.115 0.0031 0.159

Ezﬂl CtrlDance 5 1220251 3.101 1355 0.0019 0.140

T T FRBUE MO, | Fon BB NS s IORL s o
AR AR LA o

3.4 KEWEEHRES T

SRS S T X BT R A SR, FEAS [
AW (5 LN AR B R R R L S EE WA B B KPM
iz B A B HE R % B top-K A, BT A A8 i 5¢ A1
CTSM., SEER45R N3 6 iR,

H 28 6 1] AT, ] S B ot 2 8 L[] B 3 R
G35 585 XA . TERI I (3%) , A Wiss A 2 53k
CTSM fit = J& % 1Y) & B A, 18 BRI FE K Bk N
P A% AR B, FID, 7F & 3,754, DMR Tt &
0.0031, 7E% 55 (30%), it 2 B L T
Az s ], CTSM R A6 S 7 B P9 4 1T 2 2K B3 1y 2E
WERENE,FID JH 2 3. 872, Dist, 2 2. 603, 10% 4%
T 42 JR - 34 % B TR I I 28 R 1A v 3 B A X
U (FID,=3. 218) o 3% 1 5% [ 28 8 14 B o 42 40T
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B+ (2. 640%) HBTH (3. 389% ) S AR LT 4 5 KUK
X T 9 5% (31. 484%) ALK IE (12. 124% ) 55 = 25
JE XA Bl /L J2 08 5 I A 5 20% 11 30% 1 1 %5 5 1
B BEE 55 AU B XU, I 2 B0 IR AR
oG SR AR . L2 R, KPM [ 38 R 33000 fig i AR
Tk IXURS s 25 I S - R EFS D 25 ) 25 R S i 4011
FE AT AR AR L BUS B A 45 21 (FID,=3. 022) , fE . T
4 JRy G — % P R 1) [P

4 &

BT BEEE IS B A 26 B AT AR A )
AR SCHEH CirlDanceCam 22 XU SRR 12 55 1 7256 BHE
8 ARSI LA = A2 m B S BT S K
& AT G

TETT IR 2, AR SR T ControlCamNet ‘- ¥
7% . KPM 3t T Transformer 2 it 7% 15 IXURE B 25 45 i
REAFR A TONATBE AR AR RRAE (4 S B oA 5
CTSM L OC B i Sy 85 550, 38 2o XA S5 AL 1 T 2 2]
TR S p (15 s) B EEANLIZ BT 5 . Btk
(14 A8 T8 BE VTR T 8 5 AT 55 0 M A T e R 1 - )
R 2 XA S5 A S S T T 00 671 557 45 S () 7 IXURS [X 4
AR SR AR A 1 £ 53 B2 Sk N YAz Bl T 22 Ak TH
Tl S 56 IR T 3K — 43 TR A A HE——KPM KU fix
A S 6 ff XU 48 BR FID, A 0. 251 F+ & 0. 331,
p(ts s) B R kA4 (A i FID, F+ %2 0. 346, 1 % Xt
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