
Codebook-Guided Model Merging for Robust Test-Time Adaptation in Autonomous Driving

Model Mcerging strategies for TTA

Test-time Adaptation in Limited Budget
• Existing test-time adaptation (TTA) methods often fail in high-variance tasks like 3D object

detection due to unstable optimization and sharp minima.
• Recent model merging strategies based on linear mode connectivity (LMC) offer improved

stability by interpolating between fine-tuned checkpoints, they are computationally
expensive, requiring repeated checkpoint access and multiple forward passes.

We introduce CodeMerge, a lightweight and scalable model merging framework
• Prior TTA approaches typically handle shifts by aligning Batch Norm statistics,

enforcing consistency through data augmentations, or minimizing sharpness via adversarial
perturbations

• The core idea is to represent each finetuned checkpoint ΦΘ(t) by a compact “fingerprint”
derived from the source model’s penultimate c. These fingerprints serve as keys in a model
codebook, mapping to their corresponding checkpoint weights.

Model CodeBook

At each step t, we maintain a model codebook for all past checkpoints along the adaptation 
trajectory, denoted as:

Figure 2: Overview of real-world test-time shifts (top) and 3D perception systems considered in this work (bottom). 
We study test-time adaptation (TTA) in two settings: (1) an end-to-end autonomous driving system and (2) a 
modular LiDAR-based detector, both affected by adverse weather and sensor failures. CodeMerge enables efficient 
TTA by leveraging compact fingerprints to guide model merging.

Curvature-Aware Merge Scores

Quantitative Results

Github: https://github.com/UQHTy/CodeMerge NeurIPS 2025 Poster Session bowen.yuan@uq.edu.au

Figure 1: Conceptual comparison of model merging strategies for TTA. Unlike EMA (left), 
which ignores model behavior, or MOS (middle), which requires multiple inferences to compute 
merging weights, CodeMerge (right) leverages ridge leverage scores in a compact fingerprint space to 
efficiently guide model merging.

C(t) c {ẑ i : Θ(i)}t−1

Each entry is a key-value pair, where the key zˆi ∈ Rd′is a low-dimensional fingerprint 
and the value Θ(i) is the corresponding checkpoint fine-tuned at time step i. To compute 
the key zˆi, we extract intermediate features from the i-th input batch xi using a pretrained 
feature extractor ϕΘ(0) and randomly project them to a low-dimensional subspace for 
efficiency:

ẑ i = RandProj(ϕΘ(0) (xi)).

Here, RandProj(·) : Rd → Rd′ is implemented via a fixed Gaussian projection matrix 
where d′ ≪ d ensures the keys are compact. As the test-time adaptation progresses, we 
update the codebook incrementally by appending new pairs, i.e., C(t+1) ← (zˆt, Θ(t)).
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SECOND: Waymo
KITTI
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SECOND: nuScenens
KITTI
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SparseDrive: Snow 
Corruption
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SparseDrive: Motion 
Corruption

Empirical analysis (see Fig. 3) confirms that fingerprint vectors strongly correlate (Pearson correlation and 
Kendall Tau scores often exceeding 0.7)with parameter deltas, confirming that the geometry of fingerprint 
space reliably mirrors that of parameter space.

Theoretical Analysis. We now connect this leverage score to the inverse of curvature through the 
lens of LMC. We begin by revisiting the LMC assumption (Eq. (1)) through a second-order Taylor
expansion around Θ(0):

L(Θ(i)) ≈ L(Θ(0)) + ∇L⊤δi +
1
2 δi

⊤Hδi, with H := ∇ L(Θ(0)),
2

θ

where δi := Θ(i) − Θ(0) refers the model update direction and H is the Hessian at Θ(0). In this view,

the curvature along δi is quantified by the quadratic term δ⊤                                  H−1δi suggests δiHδi. Itcs inverse δ⊤

explores a novel region of the loss landscape, making it an indicator for selecting diverse checkpoints.
However, computing the full Hessian in high-dimensional parameter space is impractical, especially in 
TTA tasks. However, considering that 3D object detection models commonly use linear layers as 
final regression heads, we can effectively analyze curvature through the simpler and analytically 
tractable ridge regression setting. Specifically, assume a linear regression head parameterized by 
weights w ∈ Rd and a fixed feature extractor ϕ(·), yielding a ridge regression objective of the form:

where Hw is Hessian matrix in parameter space. More precisely, this reveals the inverse of parameter-
space curvature is linked to the proposed ridge leverage score under the low-rank surrogate Ẑ 1 ˆt−1:

Figure 3: Pairwise fingerprint differences correlate strongly with model weight differences (Pearson 
r and Kendall Tau τ > 0.7) across SparseDrive and SECOND , showing that the low-dimensional 
fingerprint space reliably reflects parameter space structure.
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