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Motivation Pipeline Experiments

How to achieve generalizable learning IMU odometry across different robotic platforms? Stage 1: Pretrained IMU Model ; . Qualitative Analysis of Our Proposed TartanIMU Compared to Other Specialized IMU Models
: 5 - AI-IMU . RNIN-VIO TLIO IMO TartanIMU (Ours)
S - / T 5 i "l Head [ |
e f | _ — | | \Velocity — i
d : ) : be . Quadru(g)ed N L 0SS * b s A :E
ar turning le i £ — s — - 20 . H“‘/a ~ el
Cart gb?. "—:' : IMU Data Lp A —— [lIl] S, :
--'\ Car moving forward Car turning right : B acc, gyro ] ()g - near o n Covariance
i ; Human Loss
% i 1 v Resnet LSTM (L Head J fmﬂjjw%a,\
Car is stationary i B Data Alignment g{ Multi-head R, L ‘,._._;}:;agg-#mm.r.s'ﬁ
: & Augmentation Heterogeneous 1S [m]
Human walking : Shared Backbone I I
on flat ground - - - - - - ------------------------=-===" S
Stage 2: Fine-tune for Unseen Environments . Erozen — Forward prop
g : i\ Data 6 Trainable <+ — Backward prop
E X Pretrained IMU Model
Small Target Data : i .. |
Dog waling on ‘| Resnetws 3% LSTM w2 5% 1~ ...~ Multi-head wx 1 Velocity
— \;Vgil:;g g Pretrained IMU Adapt 5 : . @WnX d Hoss
Model W(8) aplerg(s) : Wix ] _
; . | | | . J '] Covariance
. .. . : : | o @ Y . "ol ! Loss
t-SNE Visualization of TartanlMU: Trained on 100+ hours of IMU data from ground vehicles, [Velocity Covariance] ; = e B---- -
drones, legged robots, and humans, our foundation model embeds IMU signals into a unified high- ’ E LoRA
dl.me.nsmfnal space, f:apzturlng generalizable motion patte.rns.. Stage 3: Online Adaptation 5 N
Limitations of Existing Work: Contribution: 5 ; B~ 5 sampls backbone _ \
e Rely on double integration, leading to drift. e IMU Foundation Model: scalable, cross- update%eploy % Y T § otior 3 === Ground Truth Trajectory Start Y GT Trajectory End
e Often locomotion- or device-specific: fail latform motion estimation with a shared B0 ARSI | A A S . Classification Uniform Pose S : -
to generalize out-of-distributi OF?] E ackbone [ Incremental Learner : [’IMU — ]JJ Lo iening j el Esfimate Quantitative Analysis of Our Proposed TartanIMU Compared to Other Specialized IMU Models
-0Of- ] e e § ata |
e Struggle to adapt to new motion o Efficient Fine-tuning: LoRA-enabled rapid , : 1 " acc, gyro 3 | Pose W ALLIMU [6] RNIN-VIO [13] TLIO [25] IMO [14] TartanIMU Improvement
olatforms adaptation to new platforms F"‘I\‘:(')té’;ed [ SLAM ] : _ '| Feedback ATE] TRTE] |ATE] TRIE] |ATE] TRIE] |ATE] TRIE]|ATE] TRTE|| ATE  T-RTE
R , , , o , , | (3 samples SLAM Wheeled (Can)[49] | 7.68 333 | 7.82 506 | 8.12  3.73 812 373 | 617 252 |11963% 124.36%
e Generalization on IMU data remains e Online Adaptatlon: dynamIC motion pattern } Relative Poses l Relative Poses : Adaptive Training Alaglgt/:r | pipe”ne\ Handled (Human)[35] | 8.26 4.89 762 561 6.96 4.82 10.19 567 4.32 1.95 +47.69% 71 60.05%
largely unexplored. selection for real-time training. [ Consistency Loss ] i Bifier Solsetion Legged (Dog)[49] | 323 160 | 310 158 | 361 173 | 335 164 | 146 079 | 15483% 150.63%
5 \ y Aerial (Drone)[2] 414 145 | 432 151 3.93 140 | 372 134 | 332 104 | 11981% 128.97%
Three Learnina Staaes of Tartan IMU Fine-tuning Comparison between Ours and SOTA Accuracy Comparison of Model Trained
MethOd g g Fine-tuning Our Model on Unseen Dataset WI Data from Single vs. AII—rObOts
: = Work & Limitati a) Pre-trained IMU Model: features a shared backbone to capture generalizable IMU knowledge. P AR e ot m— Ep——
Stage 1: Pre-trained IMU Model uture Wor imitation b) Efficient Fine-Tuning: utilizes an adapter to enable positive transfer for new tasks. e (R, P Dlatforea ATE ] FRTE]
Accelerationinbody frame: B, _B p (WR h W e Support more arbitrary robotic platforms (Mixture c) Online Adaptation: employs an adaptive memory buffer to support on-the-fly model updates B I e T B S R S Single All | Improve | Single All | Improve
an —W n(B n (a - a) T g) Of Expert MOdeI) . during deployment. Timeline ¢0 Epoch ¢30 Epoch ¢60 Epoch ¢90 Epoch S WheeleC[49] 751 617 ']\22% 317 252 ']\26%
Gyroscope inbody frame: By, — (s — b, . MM not working well for complex motion pattern. e Handed3S)) 664 432\ f54% | 424 15| P117%
o J P P Performance of Online Adaptation on Unseen Trajectory Non-forgetting of Our Model T i = ngeff;};‘?] O TT11560(Z0 O %‘(‘)ﬁf
. A 1 e e A NOt atiOnS A - I ARIELS R e , : ' ' .
. MSE _ o oA Tartan IMU Model Tartan IMU Model 20 = e . A |z A
LOSS FunCtIOn. LRL (Vj V) T ﬁ Z Z (Uj—>j—|—]. Uj—>j—|—].) ¥ f() represents thencirlnataerk Tinetien processes = Learning|MU Odometry EEE GroundTruth = ._3_Fa_u|| fl_n_eﬂn_: - i_ +Lo|gAaFine-tum;igurs) ' Ty ’?%; ETTEe TS DI T O T T 2 s —e0 A5 50§ 280 =60  —40  -20 0 Avel‘age 541 382 T42% 268 57 T71%
g—1 1=m inpu ts from IMU Sensors. .% w—_’{ﬂ\- ‘ oo, H_4 = Fine-tuning SOTA Model on Unseen Dataset
e ad leration from the IMU. Ew ¢ Y0 c—f pu . .
1 1 o ZISI;?;EIZ?ieef;gE;l}rg;H&fe";MU ?)E | LE Performance Of onllne Adaptatlon On Memory BUffer Estimated Trajectory — = = Ground Truth Trajectory
Covariance Function: LNLL — (?J _ @)Tz—l (’U _ q’}) 4 — In ‘Z‘ * h,,_n refers to the hidden state produced by the LSTM 50:'; | g - S
2 2 at the previous time step. - | ,”‘ It ~e o
« W =10,0,9.8] refers to gravity vector. \ // ‘‘‘‘‘
B B B B e B refers to the body frame. =5 = el
Body Velocity Prediction: (\A/', fl) = 7 (( an_ N, wn_N) e ( a,, wn) ,hn_N) * v refers to estimated relative velocity. E 2 5 A
 u refers to uncertainty of relative velocity. E % L:':Jm: Os
. . * b, refers to acceleration bias. 4= &
Stage 2 : Fine-tune for Unseen Environments + b, refers to gyro bias. i Drivin; raining Time
e Wy € RY*F refers to pretrained weight matrix .
LORA Adapter Network: h — WOQ;' —|— AW:L‘ — WO R —|— B ASC * vi(x) refers to posterior probability that x belongs to é . J o E B Stationary Before  da
: - cluster k s E’ | L : | E B Forward Motion Se/ectioidaptlve
Stage 3 : Online Adaptation 7, refers to mixing coefficient T 1 __ i == roward
1y refers to mean of gaussian for cluster k Ugj PSS S TS A e g 02 & B Right Turn After adaptije 4s  4s
Tk N(SB ‘ M k> Zk) >k refers to cov matrix of gaussian for cluster k | I T . 0 mve

Selection . . Training Data (105s)

Gaussian Mixture Model: "k (33) — K

Zj:l mi N (x| pj, 35)

N (z | pur, Xy refers to multivariate Gaussian PDF
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