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- Multimodal Foundation Model) Z#2%& 3 %. ZAMGSREH L E—>arFy IFr 72 2H0 3
22T, —AMHRAETRER R ABOREGEEOFMIOSANRENZITS 2L 2 BT, 7%,
Transformer XN— 2D IMU Ty a—XZHHL, HEBE7 L LToMRER EZXK 2. EEBRTIEY MY —
PNV R R CATERR# A A7 X DT E1TY, BIFEFEE LE 2 HaE0E o . B, 1TERGHE R
rso¥uyay bETIE, BHFFEORMRE (F fE: 0.0747, Accuracy: 0.1961) & i L TR L[ 25
FEMERE (F fE: 0.6226, Accuracy: 0.7320) M8 &7z,

AURA-MFM: Activity Understanding and Representations Alignment
- Multimodal Foundation Model

Abstract: In recent years, the widespread adoption of wearable devices has highlighted the growing impor-
tance of behavior analysis using IMU. While applications span diverse fields such as healthcare and robotics,
recent studies have increasingly focused on multimodal analysis, in addition to unimodal analysis. Some ex-
isting research has proposed multimodal foundational models incorporating first-person video and text data,
however, these models have yet to achieve detailed analysis of full-body human activity. To address this
limitation, we propose AURA-MFM: Activity Understanding and Representations Alignment - Multimodal
Foundation Model, a foundational model integrating four modalities: third-person video, motion capture,
IMU, and text. By utilizing third-person video and motion capture data, the model enables a detailed and
multidimensional understanding of human activity, which is difficult to capture with first-person perspectives
alone. Additionally, a Transformer-based IMU encoder is employed to enhance the model’s overall perfor-
mance. Experimental evaluations conducted on retrieval tasks and activity recognition tasks demonstrate
that our proposed model outperforms the existing method. Notably, in the zero-shot classification for ac-
tion recognition, our method achieved significantly higher performance (F1l-score: 0.6226, Accuracy: 0.7320)
compared to the existing method (F1-score: 0.0747, Accuracy: 0.1961).
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ZNHMEE TN TAURA-MFM (Activity Understanding
and RepresentationsAlignment - Multimodal Foundation
Model)| Z#8% 3 5. Transformer > 2 —XX, HOE
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3.1 RETIVILFE—FIELRETIL (AURA-MFM)
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DY 4 X' CLIP & A UEDAARICICHHES 5720
DLAYZBIMT2 I TAFRTOIMU > a—Xk
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4. RE&

4 HiTiE, FEBRNCEES 2 AT & EEFE RIS OV TIERA
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AFERTIX, Ego-ExodD 7—&+t v b [8] %M T 5.
IMU Aria EFHENZ A7 — 75 2ADHET L — LD

TWVW3 IMU Y HICE D IEE L O v £ a3 FHllxns.

ZhZN 1000Hz OFRGEETEZ 6N 205, GHHEaX b e

FBRLTHLIE, 200H2 1ICVY > 7Y 07T 0% T,

Text 7F A b7 —XELTITRT EC & AAD WKL T

FEERZ1TS.

e Expert Commentary(EC): EFIRDEFICINZ, 772
TAELT 4% aXy bR EIRTHEETFA b
LLTCEM, 5T S CLIP IKIERA =27
BT e WO HIRD D 57, 7T HFEREZ 5 EIZ
TTHEEETERMHHT2HTHET 3.

e Atomic Action Descriptions(AAD): Egodd 7— &t v
MIBIZFL—va v eEAROERTHD, FEEHM
KOFE=F I &k o Croh XNz, #BR#E OITE% A
THREONETHIEINTNS.

Video = AR OENE ¥ LT 4 B D GoPro Z#H L[H

Rl 4 DO E D 5 DEEAHRE X LTV S, 4K, 60FPS

DOEE IR 4 1%, 224x224, 10FPS IS LEH T 5. 2

FTAT 4TI 4 Y RO ERICKRET S.

Mocap EgoBodyPose & Wiz, HH, £8, GFH,

FERRE 72 ¥ 17 T DAL D BEFZAS 10FPS D43 fRAE THE

ftxfcws, RIEINIZ 0 HDTHEIL, 5T

FAT 4T 4 Y R RERT S, 5 WINDRIEX

NIRRT AR 2 5.

# 1: Ego-ExodD 7 — &t v MiLEZKD 7 — XK

Data Modarity Train  Validation  Test
IMU < Mocap (5s) 2045 108 240
IMU < Video (5s) 121k 16k 1k

IMU < Text - AAD (5s) 197k 25k 1k
IMU < Text - EC (5s) 17k 1k 1k

IMU — 8 classes (5s) 3385 377 418

4.2 FHEAE
X 412783 Task 1 & Task 2 12 & hFHfli 217 5.

Task 1 fEED 2 0DEX V74 IZELT, 72V e F—I
DI, ZZUDBEZLNEGEITF—DA YRR A%RE
BITEY M)V ERIEFEITTS. T A MY T
flix 4, Recall@k ¥ & F Mean Reciprocal Rank (MRR)
ZHET 3.

Task 2 IMU R— 20D \H{TEREE#21T5. IMU 5D
ATAT 4 YT 4 Y RUNREZ NG EER O 7 2
TAELT 4 T\ ETFHIT S, FHTEZ7 7748745
NUE, TERAISYF UK BY 7 NEREFERT .
THFAMIEEINUVEHHLESED]ZD, T—>ay
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F£2 UY=L RRTDEER

Retrieval tasks Models R@l1 R@10 R@50 MRR

RNN .0250 .1875 .5500 .0849
IMU — Mocap AURA-MFM

Transformer | .2208 .6666 .8541 .3667

RNN .0333  .1875 .5291 .0915
Mocap — IMU AURA-MFM

Transformer | .2208 .6541 .8458 .3607

IMU2CLIP[4] .0010 .0149 .0719 .0095

IMU — Text-EC RNN .0120 .1030 4199 .0497
AURA-MFM

Transformer | .0199 L1720 4869 .0710

IMU2CLIP[4] .0020  .0099 .0780 .0093

Text-EC — IMU RNN .0140 .1180 .4629 .0560
AURA-MFM

Transformer | .0309 .1749 .4930 .0819

IMU2CLIP[4] .0000 .0041 .0402 .0051

IMU — Text-AAD RNN .0140  .1472 4679 .0620
AURA-MFM

Transformer | .0106 .1085 4185 .0510

IMU2CLIP[4] .0008  .0082 .0460 .0063

Text-AAD — IMU RNN 0222  .1562 4745 .0710
AURA-MFM

Transformer | .0164 .1233 4268 .0602

IMU2CLIP[4] .0000 .0078 .0453 .0057

IMU — Video RNN .0171 .1328 .4367 .0605
AURA-MFM

Transformer | .0101 .1109 14101 .0505

IMU2CLIP[4] .0000 .0093 .0390 .0053

Video — IMU RNN .0164  .1429 4734 .0652
AURA-MFM

Transformer | .0164 .1140 .4109 .0561

¥ ¥ 7F v & IMU BITIER L7 > a2 — X TORMiEE
LR,

Task 1: ——————\ e -
Retrieval task } Retrieval }mM%W V
f Model N

Mocap as query IMU
Task 2: e D Soccer |mm
ivi AAS*) X
Human Activity V7 . Cooking |m
Recognition wj v v } Classifier } Basketbal | mm—
A e \/MWZ’AM — Dancing |m
m}\
°F MU

4: Taskl: (EEO 7 T VUDNSERZEXY 7 4 NOHEE
KEPZY Y —n&27 (L) ¥, Task2:IMU 2257
754 T 4 08RO NBTEI 2 27 (F) #xRT.

4.3 ERER

Taskl (U b =L &RZZ) ¥, Task2 IMU 225D
TEIERER X R 7)) IZOWTHR  ZER AN 3.
DRU=NILEZRD

£212V MY =L R 7 DERERT. RPOEITR
3 IMU—Mocap D7 ¥ Dt 5ld, ZoORITIHERED IMU
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A AR Y A% AT LTRED Mocap N®D Recall #E % /R~
LTWwW5. IMU2CLIP[4] 2’2#3 % IMU, 7% R b, ¥
TADEXY T 41I2BWT, FihkDIRET 5 AURA-MFM
DHPRWEREZ R L. BHEVDHDT, Text - EC —
IMU 2B\, MRR & +.0726, RQ{1, 10, 50} ¥ zhzh
{+.0289, +.1650, +.4150} Al £ L2%% /"3, IMU2CLIP
DS L7z 7 — 213 EgodD ¥ — &t v b [8] TH

D, REBTRADMHEM L Ego-ExodD ¥ —&+t v + [7]
CRT—RBREXV T4, WA TOHEREYZDELY,
TRAMEY PRENL TRADBD BT, AREID BEWEE
ROBHTV2E Z vicEEEINZW.

TR, Bea H3HT7=12H A L7z Transformer 123D We2 x>
a— X% Mocap & Text - EC 2 L 723z B\ THERE
ZET H2H 2T, IMU — Mocap Tld, RNN(Stacked
ID-CNN-RNN) ¥ [t LT, MRR 13+.2818, R@{1, 10,
50} lZFNFA {+.1958, +.4791, +.3041} [l L L7z, X5
12, Text - EC — IMU Tl&, RNN(Stacked 1D-CNN-RNN)
LT, MRR 1Z+.0259, R@{1, 10, 50} &z 2
{+.0169, +.0569, +.0301} [M_E L 7=.

5%, IMU—Text - EC ¥ IMU—Mocap DV + VU —
POUERZRL TV, KDOAED IMU query &, HIEE
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IMU query Text Retrieval
Acc. N :”’\Jﬂ R@l

the right foot.
Mocap Retrieval

e task 'Soccer Drills - Outside
Trap and Outside Play' up to 144
seconds: Here we can see the player seconds: The criteria here that we're

takes his touch with the outside of evaluating is first off is as the

T

R@2

e task 'Soccer Drills - Inside
Trap and Outside Play' up to 14

ball's traveling..

32&?

5: IMU— Text-EC & IMU— Mocap @V b U — LR

Prompt as text query

“A woman is bouldering indoors,

climbing a colorful artificial rock wall.

She wears a white tank top, striped leggings,
and climbing shoes, using chalk

for grip while reaching for a hold.”

IMU Retrieval

o)
A' ”M VVINWI \ l"\“ 1 ”Iv i
W \* Rock Cllmblng W(\n Rock Climbing
- LosAndes_V2_R2 '

Video Retrieval

- LosAndes_V2_R2

SESESEEENEEREENBEEEREBREBEERED
i i\

f;’é

I 6: EHHNZIER L 7= Prompt 225D IMU ¥ Video DV + U — \LEER

rYrAnt Y —ORETHD, ZOEBEDT I T 4

Y7 4 £, Soccer Drills - Outside Trap and Outside
Play] TH2. ZOIMUBHIE, v h—D R %2RT
NRAEMTEEZRLTWS. ZOEBIRD~YYF LT

W3 rHE N0 RQLTH Y, ROMEHH RA2 TH
5. KOG b Text - EC, G2 Mocap DFERTH 5.
FFTFAMIBELT, RAl, RQ2 & HiZ, ¥y H—T
A LTV ESRERDEHD, WINBHELTVWELE
% %. RIZ Mocap IZBILT, RQlZERTY v h—HK—
NE DRIy TLTWE LI REIZD L5 ICEbR, RA2 X
HERTR2ZHL T v A—R—L&H-oTW3 X5 kH)
fRicBbinsd. UENPSYELBELTVWEEEZR L. K
ANOFEDOBER LS X 7 DB ED > TWAD, AL
TW3 Mocap 7 —X1& 3D 7 — X TH % 7= D mIEZBEIR
QAN

K6lE, 7AFEY Fchwrary 573X e A

SR MR T INRBANTEETARLR Y v 72 LTW5, HlE
Em&/ﬁh/7 ZAFFATDLF VR, V54307 a—
REFIZET, Fa—Tr%FoTT Yy TEBILLARESKR—IL

KFEEZMIZLTWS.”
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JIL72BD IMU ¥ Video @Y b U — LR ZR L 72K
T»H5. “Bouldering” £\W5 7277 4 ¥T 4 #AET —&
ty MIKET 20, BHIERLAZXETHD, 7%
Yy MZEENRVWZ 2R LTWVWS. £3 IMU IR
LT, IMUBEOWEEZITIDT T4 €T 1 ZHfES
5 Z e IINEETH 553, RQ1, RQ2 2 dIIfEINTWVWS
7277 4 €7 4 %41E TRock Climbing - LosAndes_V2_R2
T&®bH, “Bouldering” % “Climbing .. LWV
THFX M5 IMU EEANOEMPHHETE TV 8D

5. RiZVideo LT, ¥H55dnv s34
ZRULHETH S L X550 RQl, RQ2 & HIZHMHT
ZERTOENETH D, “is bouldering” ¥\ 5 RIEETED
BB EDIREEIR E DD LRI B2 ER 5. TRLEH
WBTETVARVA, Zo7ay 7 NEHETE 28HEMN T
A Mty MZBROWAREELE VDT, HIREHHTET
W rEbhs.
IMU H5D{TEER#E R0

£ 3 WATHRRRE R 7 DR E RS, Yuay MM
MK, A DIRET S AURA-MFM O£ ETFLIZEW

rock wall”
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£ 3: fTEREE A R 7 DGR

Zeroshot Transfer learning Fine-tuning

Models
F1 Acc. F1 Acc. F1 Acc.
Random Init. RNN - - - - .4078 .6626
Transformer - - - - .6251 7511
IMU2CLIP[4] .0747 1961 4332 .6315 .5983 .7033
AURA-MFM RNN 5757 7057 .5662 7368 .6228 .7464
(Text-EC <« IMU) Transformer  .6217 .7081 .6285 7559 .6491 .7535
AURA-MFM RNN .0805 .2009 .3163 .5263 .4801 .6626
(Text-AAD <« IMU)  Transformer .6226 .7320 .7217 .8181 7506  .8277
AURA-MFM RNN 111 .2057 .3532 .4808 .5219 .6842
(Video+» IMU) Transformer  .5901 7224 .6966 .8062 7217 7990

T, IMU2CLIP{4] & b & muWiEREZ /R L7z, IMU2CLIP[4]
DGR (F1: .0747, Acc: .1961) L ELEEL T, b EWVD
DT F1: .6226, Acc: .7320 ¥ WS KB EL =58 %
157=.

IMUZYa—X7—=%727F % DEWVIZLSFERICON
THEHETS. ¥£73, RNN(Stacked ID-CNN-RNN) TH
MLz rya—&iE, Text-ECIZEDELNZETFT NI
BLTIXEWERE (B Zeroshot F1:.5757, Acc:.7057) %
RLEHDD, ZRLAD D DT KIERR EIZR SR
o7z, Text - AAD & Video ICBWTERL 2o F2EHK &
LT, dlas@aRE@mcd b, FHiAREYTH 3 alpE
HEZRELTWS. KiZ, Transformer(SENvT) THZEL
Frrva—&RiE, YOFa—=r2BWTHEWTEE
RUTz. FRIZ, Text - AAD W& hESNZEFLIIEN
T, RbEVWERIE LN 25 LEHEMROMH LD
H 10 fHEE L2 VT — XTI TV B 728, & biFEf#
REFERICORD - 1-AREN DR D B L EZ S,

IR AT TH BITHERIRICBVTARERTIE, T~
PHMETEZL TFRA e LTHRY, 7F A v F o
WK EB0HEET>TWA D, HMROMH (Text - EC)
R T 7T 4 T 4 OFA (Text - AAD) REDT ¥
AMTEBF 2 —=V T RITo BT MTBNTEWERE
ERLTWREEZXS.

5. ¥EiR

AHFZETLE, IMU2CLIP[4] D% % £iffr LoD, IMU
ETFRAL, EHIREAFMEBIEC N OERE D78 5
TE—YarIFy I F XY BMET MBIV TFE—X L
BT 71 TH5 AURA-MFM 2R L. — AR
BE e WO RONHAC L AFEICH L, R4 IEEAF
REEEPE— a v F v IF v 7 — R EEHRL— A
MTEREZ ENRO Ao GEELFMICHETT2 2
ZHfsL 7.
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EBERDP S, [TEER#MEX R 700y ay FOHEER
WBWTH AL DIRET 2 AURA-MFM O2EFILIZEWT
MLE32Ze%2RL, RBEERVDDTIE, IMU2CLIP
DFER (F1: .0747, Acc: .1961) & LB L T, F1: .6226,
Acc: 7320 &\ S KIEIZIA L L 72FRE2 15 7.

AMFETIIERGERTRITHED, RFLERZES 2
MTELHLDOD, IBEFRIELHEOVIAREICH D,
TR ERALOTREEIFREIN TV S, R, FEX
V7 4 B DMETFIED B LSRR R B E D BRI S
572007 TR —FORFNOBETH S EZX L. BURT
i, 11072 — KR RE LI L 21T 2
TRV, 5%, 425 LEFAULOERZ Y T4 %
MEL, Zhor “FR ISk~ L FE—Z T
FLOBRELZEIET. kb, XY 7 1 HMoMEEE
HZ X OZRINIERL, X572 8RER LA TE 5.
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