Codebook-Guided Model Merging for Robust Test-Time Adaptation in Autonomous Driving
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of various corruptions. These modules are not fine-tuned; all performance gains stem from TTA

merging weights, CodeMerge (right) leverages ridge leverage scores 1in a compact fingerprint space to applied to the detection module. Best results per metric and corruption are shown in bold.

= , , where A is a regularization parameter. A high leverage score indicates z; is influential and lessly
efficiently guide model merging.

observed within the current feature space defined by past direction.

) ONLINE MAPPING MOTION PREDICTION PLANNING
CORRUPTION METHOD
AP,qt AP,f AP,t mAPf mADE| mFDE| MR| EPAt L2-Avg| CR-Avg|
Model CodeBook Theoretical Analysis. We now connect this leverage score to the inverse of curvature through the MOTION No Adapt. 0.1988 0.2343 0.199% 0.2110 0.8630 13483 0.1750 02616 07877  0.2150
lens of LMC. We begin by revisiting the LMC assumption (Eq. (1)) through a second-order Taylor Ours 0.3660 0.4212 0.4283 04052 0.7264 1.1200 0.1570 03945 0.6580  0.1100
At each step t, we maintain a model codebook for all past checkpoints along the adaptation expansion around o(0). OUANT No Adapt. 0.1742 02317 02069 02043 07620 1.1734 0.1526 03204 0.7301  0.1590
trajectory, denoted as: Ours 0.2600 0.3445 03267 03104 0.7002 1.0859 0.1454 0.3840 0.6762  0.1250
. i 0 T, 1 .
e ¢ 17, 0(Dt—1 £~ O LveTs; + 565 | H6;, with H = V:/:(@(O)), DARK No Adapt. 0.1173 02038 0.1812 0.1675 08428 13255 0.1714 02757 07535  0.2760
L Ours 0.2825 0.3637 03291 03251 0.7493 1.1639 0.1644 03397 0.6602 0.1170
Each entry is a key-value pair, where the key z'i € Rd' is a low-dimensional fingerprint where 5 := (%) — ©(0) refers the model update direction and H is the Hessian at ©(0). In this view, N No Adapt. 0.3777 04847 04833 04486 06646 10246 0.1369 04468 0.6306  0.1260
and the value O(i) is the corresponding checkpoint fine-tuned at time step i. To compute , e , T . Tr—1 Ours 0.4305 0.5224 0.5398 0.4976 0.6504 1.0122 0.1392 04680 0.6209  0.0940
N . . 1 . . the curvature along 04 is quantified by the quadratic term 0 ' H§;. Itcs inverse 6 '~ ~04 suggests 04
the key 7”1, we extract intermediate features from the i-th Iput batch xi using a pretralned No Adapt. 0.0061 0.0322 0.0369 0.0250 1.0643 17042 0.1930 02113 0.8897 0.4310
feature extractor ¢@(0) and randomly project them to a low-dimensional subspace for explores a novel region of the loss landscape, making it an indicator for selecting diverse checkpoints. SNOW Ours 0.1134 0.1812 0.1740 0.1562 08074 1.2580 0.1717 03135 07634  0.1900
effiCienCY: However, ComPUting the full Hessian 1n high-dimﬁnSional parameter Space 1S impraCtical, espeCiaHy 1n No Adapt. 0.3600 04649 04076 04109 0.6482 09904 0.1347 04380 0.6257 0.1050
z ; = RandProj(¢pe (0) (x3)). TTA tasks. However, considering thqt 3D object detection models commoply use linear lay§rs as Fog Ours 0.4276 0.5022 0.4843 0.4714 06501 10008 0.1394 04557 0.6200 0.1100
, final regression heads, we can effectively analyze curvature through the simpler and analytically o A 01029 01019 00618 00889 O86er 13375 01652 01920 00776 03730
Here, RandProj(-) : Rd = Rd " is implemented via a fixed Gaussian projection matrix tractable ridge regression setting. Specifically, assume a linear regression head parameterized by CRASH Dﬂ dapt. ﬂim‘z‘? “‘1154 Diﬂz?';r Di[}TED ﬂ:s:imz 1;3“:3 ulnmf i]hl!l‘:r'el “‘3539 RTERT
whered < d ensur €5 the keys are compact. AS the test .tlm.e adaptation pr OpTEeS5€s, WE weilghts w € R< and a fixed feature extractor ¢(-), yielding a ridge regression objective of the form:
update the codebook incrementally by appending new pairs, i.e., C(t+1) < (z"t, O(t)). [ osT No Adapt. 0.0892 0.0388 0.0250 0.0510 1.0327 14772 0.1740 0.1826 0.9932  0.4830
| N 1 Ours 0.0723 0.0503 0.0250 0.0492 10004 14304 01739 00952 0900 0.6610
_ 1 T o\ o 112 2 oL yT
SECOND: Waymo, CECOND: muScenens, sSparseDrive: Snow SparseDrive: Motior =5 2. Iw"é(x) = yill® + Allwll, Hyy = 22" Z + AD), avenace  NOAdapt 01783 02240 02003 02009 08430 12976 0.1629 02911 07923 02711
S | KITTI KITTI > &prruption ~2qrruption =1 Ours 0.2531 03126 0.2919 0.25859% 0.7643 11718 0.1568 03312 0.7266 0.2546
RS N v
| X g
2 ”’Q:- . o o . & v
7 O T O T O 5 . . .. . . . , . - i -
£ O - £ © E 5 £ o where Hy is Hessian matrix in parameter space. More precisely, this reveals the inverse of parameter- Table 3: TTA results for LIDAR-based 3[_’ detection across different datasgts_ We report APggy /
59 5 o> 5 o) 5 o oo . A A AP3p (moderate). “Oracle” = tfully—supervised on target; Bold = best; underline = second best.
> % 52 oy 2 Fe082l) S & space curvature 1s linked to the proposed ridge leverage score under the low-rank surrogate Z 1 ¢—1: .
'E§ 1, E §9 loo o ©T o w55 o 00 1V EE 1 METHOD VENUE  TTA WayMo — KITTI NUSCENES — KITTI
©-= O ‘© = QT O T T T T ®E © 'O 'O "Q7Q7Q ‘© = —
~ 0 Pairwise Fingerprint ~ 0 Pairwise Fingerprint ~ 0 Pairwise Fingerprint + 0 Pairwise Fingerprint z-T H—lz_ _ ZT EZT 7 1+ IN] Z: X .S(t) APgiy / AP3p Closed Gap APgiy / AP3p Closed Gap
Difference Difference Difference Difference ¢ w : K t—1Ht— t r No Adﬂpt‘ — 67.64 27 48 — 51.84/17.92 —
SN CVPR 20 v, 78.96 /59.20 +72.33% / +69.00% 40.03/21.23 +37.55% [/ +5.96%
el : : : : : : ST3D CVPR21 82.19 /61.83 +92.97% [/ +74.72% 7594/ 54.13 +76.63% / +65.21%
Figure 3: Pairwise fingerprint differences correlate strongly with model weight difterences (Pearson Empirical analysis (see Fig. 3) cqnﬁrms thgt fingerprint vectors Str9“81_y correlate (Pearson corre-latlon a.nd Oracle _ 83.79 /73 45 _ 8329 / 73 .45 _
r and Kendall Tau 7> 0.7) across SparseDrive and SECOND , showing that the low-dimensional Kendall Tau scores often exceeding 0.7)with parameter deltas, confirming that the geometry of fingerprint ' ' ' '
¢ - [iablv reflect t et ’ space reliably mirrors that of parameter space. Tent ICLR’21 65.09/30.12  -16.29%/+5.74%  46.90/18.83  -1571%/+1.64%
ingerprint space reliably reflects parameter space structure. CoTTA CVPR’22 67.46/3534  -1.15% /+17.10% 68.81/47.61  +53.96% / +53.47%
SAR ICLR 23 65.81 /30.39 -11.69% [/ +6.33% 61.34/35.74 +30.21% / +32.09%
MemCLR WACV 23 v 65.61 /29.83 -12.97% [/ +5.11% 61.47/35.76 +30.62% / +32.13%
DPO MM 24 75.81/55.74 +52.20% [/ +61.47% 73.27 [ 54.38 +68.13% / +65.66%
Reg-TTA3D ECCV'24 81.60/56.03 +89.20% / +62.11% 68.73 / 44.56 +33.70% / +47.97%
MOS ICLR 25 81.90/64.16 +91.12% / +79.79% 71.13/51.11 +61.33% / +59.78%
Ours - 84.62/66.31 +108.50% / +84.47% T77.41/58.54  +81.30% / +73.15%

Github: https://github.com/UQHTy/CodeMerge NeurlPS 2025 Poster Session



https://github.com/KeViNYuAn0314/AutoPalette
mailto:bowen.yuan@uq.edu.au



