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Figure 1. We introduce DynPose-100K, a large-scale video dataset of dynamic content with camera annotations. DynPose-100K consists
of 100,131 Internet videos that span diverse settings. We curate DynPose-100K such that videos contain dynamic content while ensuring the
cameras are able to be estimated (including intrinsics and poses). Towards this end, we address two challenging problems: (a) identifying
the videos suitable for camera estimation, and (b) improving the camera estimation algorithm for dynamic videos.
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Dataset Real/Syn. Num. vids. Num. frames Domain  Access

T.Air Shibuya [62] Syn. 7 0.7K Street Public Frequency: Common Nouns
MPI Sintel [9] Syn. 14 0.7K Scripted ~ Public

PointOdyssey [105] Syn. 131 200K Walking  Public g g g o o g -
FlyingThings3D [51] Syn. 220 2K Objects  Public g 2 g *g gy = g h= % 23 = § . ‘é’
Kubric Movi-E [28] Syn. 400 10K Objects  Public gl S = & Sl e IS e S
EpicFields [81] Real 671 19,000K Kitchens  Public

Waymo [75] Real 1,150 200K Driving Public Frequency: Verbs
CoP3D [72] Real 4,200 600K Pets Public

Ego-Exo4D [27] Real 5,035 23,000K Set tasks  Public o o o o

Stereo4D [37] Real 110,000 10,000K  S.fisheye Public ERe S 25 £297 o2
CamCo [93] Real 12,000 385K Diverse  Private EEEER S8 8 2Es5S ¥ g ke
B-Timer [45] Real 40,000 19,000K  Diverse  Private ST 822888282 E<E% 9
DynPose-100K Real 100,131 6,806K Diverse Public

Figure 4. Diverse content. Frequent nouns cover varied
subjects: person, hand, car; objects: shirt, table, food;
and settings: room, kitchen, street. Verbs span diverse
actions: using, working, playing.

Table 1. Dynamic camera pose datasets. DynPose-100K has the most videos of
diverse Internet video datasets. Datasets with more frames are private or more
uniform; e.g. stereo fisheye is typically outdoor PoV walking. We use short
videos, yielding fewer frames but high dynamics (Figure 6).

PR Curves: Baselines PR Curves: Ablations

1.0 1.0 Video length Dynamic apparent size

2
0.84| 0.8 a
<]
o ‘ A
Q 0.6 0.6
% 4 6 8 10 0 20 40 60 80
Q N Length d Size (% of fi
8 04 s ength (seconds) ize (% of frame)
~ —
g ————— . : “‘.\ Figure 6. Left: Targeted video length. DynPose-100K videos
B bl W S = are primarily 4-10s, ideal for dynamic pose: shorter videos con-
0.0 00 tain little ego-motion, longer videos have less dense dynamics and
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 . . . . . . .
Recall Recall ego-motion. Right: Diverse dynamic apparent size. Mean size in

% across video. Large dynamic objects occlude static correspon-
dences, making pose estimation challenging. Videos may average

Figure 5. SRS ML SIS MBUEIE . AR T H LA

B9 PR #hZk. FRATAGLDE I BB T T A RIE R, S AR
7% DynPose-100K [ VERIME. X TH%, HKAER: A
Bt (CamCo [93] ), EREIRZE, ([H4F W ) GPT-4o
mini [60] : —JG, (4 M ) GPT-40 mini [60] : 84y,
Hands23 [16], Fl M 3109, XTiEE, AT 0 Hands23
FFGFFA AL B AL 3 W AR . ROk, BATHS:

Hands23, W + j7izh, W + R, W + ), + N,
+RE, B +VLM (FA119).

4.2. WGt

TENCER TR H ARG, FATPRAG T BT A i X
SERRRE . B TIPS BRAR A R/INZ B, SRR A 2
RS s T EYE: eg ZRMLAIAE . &
M A Z BB S R RN

Dataset size. 35 1 £/~ DynPose-100K 47 & ) A ALAT LY
MEMZHABIREE SR L. RRIWER T ZE
JRR TR E =, s . B3, STy a0
¥ (27,37,72,75, 811 o [AE#EFTRY TAE CamCo [93] 1
%E?ﬂuﬂ&ﬁzﬁwmﬁ,EMﬁﬁiﬁwﬂ%ﬂ

Video content. & 4 /8 T7E Panda-70M 1) [12] FRiE
15 DynPose-100K #LATAH ¢ 1 75 W42 TR AN BA] . 35 AL

small size in the case of only a few dynamic frames.

ARTE T Z A R AEREE s T BhiE SO T 4%
FENE. XFEF 2 W] DynPose-100K 415 T P
EaE 2 =SR]

Video length. & 6 Z:fll| iz 7~ T DynPose-100K HAR 7 K
FER . REEUBIK S 4 2] 10 Fh2 5], XL
SRR ST, I HRREE K, PTRMAELE
FIAENLIZE) -

Dynamic object size. [ 6 , & %/~ T 1 DynPose-
100K 87 IRFIN KN 07, M/NEIRASE, K
BN AY) R 2 RSN Y, RS AT B A Pk
o B/ INT UL BN A (A8 0 B T S A, i
Sep (R n] DAPREAL By, AR O B A PR .
Tl ASYRTLT o5 R 1 T 1 O 2 g g,
eV LS AR AR 1T .

5. FIPLZ &G VHIDPEAL

FAT A I 42 ) 5 36 oA T Ak B8 RIS 1 % dk £ DynPose-
100K 7E AT T HBIRCR .t T8t = SR IpLAL
PR, FLARAE SN A B IR U AT A R R A
PRHCERY . B, FRATRIPA AR IGE T T (1)

www.xueshuxiangzi.com



All 36 videos (Iden. Rot. + Rand. Tr. if fail)

8 videos: all succeed only

Method % Vids. reg. © ATE(m)] RPETr.(m)] RPERot.(°)] ATE(m)| RPETr (m)] RPERot. (°)J
Iden. Rot. + Rand. Tr. 100. 0.652 0.139 1.60 0.390 0.080 1.00
DROID-SLAM [79] 100. 0.198 0.046 1.75 0.048 0.017 0.82
DUSIt3R [86] 97.2 0412 0.177 20.1 0.256 0.124 18.5
MonST3R [100] 100. 0.149 0.046 1.21 0.036 0.011 0.46
LEAP-VO [13] 100. 0.206 0.049 1.70 0.037 0.011 0.73
COLMAP [66] 444 0.388 0.082 2.03 0.122 0.026 1.91
COLMAP+Mask [66] 389 0.323 0.085 1.64 0.089 0.017 1.36
ParticleStM [103] 97.2 0.185 0.075 2.99 0.051 0.047 291
Ours 100. 0.072 0.033 1.31 0.003 0.002 0.30
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All 90 estimable videos (Identity if fail)

52 videos: all succeed only

% Vids. Mean per-video reprojection error, 720p Mean per-video reprojection error, 720p
Baselines registered T % <5Pix? % <10Pix? % <30Pixt Mean| % <5Pix? %<10Pix? % <30Pixt Mean|
Identity 100. 0.0 0.0 22 151 0.0 0.0 0.0 133
DROID-SLAM [79] 100. 57.8 77.8 94.4 11.0 59.6 84.6 96.2 6.78
DUSI3R [86] 96.7 0.0 6.7 489 43.0 0.0 9.6 571 30.3
MonST3R [100] 100. 55.6 78.9 90.0 9.86 63.5 84.6 90.4 9.71
LEAP-VO [13] 100. 64.4 76.7 96.7 7.59 75.0 84.6 98.1 6.03
COLMAP [66] 82.2 51.1 62.2 733 275 71.2 82.7 92.3 9.03
COLMAP+Mask [66] 67.8 47.8 58.9 75.6 30.1 69.2 82.7 96.2 6.10
ParticleSfM [103] 92.2 70.0 76.7 88.9 12.5 80.8 86.5 96.2 6.77
Ours 95.6 72.2 84.4 98.9 5.76 82.7 94.2 100. 3.75

Table 3. BEAIMX_EAYAHPLLSAL T 78 10K BT A ER P IR2E , Bt 7I0—1k 3] 720p. #7551 DUSEHR 1 COLMAP
FEM NS BRI A EE, T DROID-SLAM #t Z k5, ParticleSfM 3 F 155 Lt COLMAP+Mask 42, (B 78 FkS
B FHAON BB AT . MonST3R Fil LEAP-VO yEff T Wi, SEPERR, (BIRNMN T EENTA $505 LRI E L.

DROID-SLAM  DUSt3R MonST3R

Figure 8. 7 Panda-Test ERYTMBIL . FiE ALK EESFF]: R O

LEAP-VO

COLMAP CM + Mask Ours

ParticleSfM
4 L ?

G & 1 . 12 DROID-SLAM. DUSt3R Fll COLMAP jx

FER B ST TR 07537 e 2B B [ Y . MonST3R. LEAP-VO. COLMAP+Mask Fl ParticleSfM A fE7EAN FI A B B 75 X
s (TR) R EOR [ ARG A TR R (IG) BB RIME, WFA109 5V T DAL X 245 10

XHRT T 1 A WS TR BB & s
R TS bR T AT BRI vE A PR o X 26 DU Ao i
SuperPoint [18] #1 LightGlue [47] $t47404k, BHARH¥E
HAE 720p BB Eik PR S N TARE S A 10 MR R DA
NP LightGlue VUL, HISRFAZGXAEVCHED, XS R A5
DHEEFE . WORTTEAB AT FR 2.5 B2 P BELEEE .

B NP FE AR B 1R 25 42 Sampson (25 P it . Samp-
son PRZETHE ) MARTERIXS I 5 28 ) Bt b (
T A XS AL ST S ) T3 AR 7
iR o S OK S a0 DI E DS B ma = N (153
FEBAIT AT FRATHY £ 2R B A8 2 B L 1 73
W2, DALV S A 5 1 2 A R L P R A
Hos FRATTEAIE-—10RY 720p /- HF R 5. 10 F130
Fo R WU BRI ST . IR A TS
AFEME, U B A R

% 3 WIR T 5 Lightspeed FH{LHY# e BT &
DROID-SLAM #1 DUSt3R A#ERf, i B i | 3h 54
iy, COLMAP {/58K X DAAL FRAR Z2 A1 . ParticleSEM 45 fip
ek, R R E 1% 25 . MonST3R Fll LEAP-VO
AT AL ELRTAT f i, (R FRATTA iR AR T & TR bR L
WRZE . FEITA T ERENR) 52 AN s, AT 7
LT Ho A e IR 2 b TR 35% . & 8
TN TR A HA PR ER R e YL R . et sh
st DROID-SLAM, DUSt3R il COLMAP
FKIAE, 11 MonST3R, LEAP-VO, COLMAP+Mask

All 90 estimable videos (Identity if fail)

% Vids. Mean per-video reprojection error, 720p

Method reg. T % <5Pxt %<10Pxt % <30PxtT Meanl]

DUSt3R 96.7 0.0 6.7 48.9 43.0

+ Synthetic (MonST3R [100]) 100. 55.6 78.9 90.0 9.86

+ DynPose-100K (Ours) 100. 544 82.2 9222 8.78
DUSt3R MonST3R  DynPose-100K

Table 4. Camera estimation on Panda-Test. DynPose-100K fine-
tuning of DUSt3R has lower mean error and similar to or better
than accuracy compared to synthetic data (MonST3R). We train
with only 2K videos / 140K frames, smaller than the 1.3M frames
used to train MonST3R; demonstrating efficient supervision.

Al ParticleStM Tillfi < MBI FATHY I IAAEAL BEP It
BRBNESBINNAACH RAERT O TR AR, &5
RN T MR st A0 (§ 3.3) 1id
AAH AT 55 FRAREUS: T AR UK RABCR -

6. 45k

AT, BN T DynPose-100K , — AN KBS
HIRMAIEIES, A TREYESIRE . RBdRE
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RGO BT B R 8 R L S AT I AR T 0K
R, I IR EIE . FAT14 % DynPose-100K 7] PASF
JE A NMATIHT T Rt N, 2 4 BosizEdsaEn] A
fiJ DUSt3R [86] , PALL MonST3R [100] i i
A BEARH iR 2 . S T A S8 DynPose-100K , FAi]
WO T TR B Y A I AR Lightspeed,  DASCRFELSEEE
AN o
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