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OccTTA: Fast and Memory-Efficient Test-Time Adaptation for 3D
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Abstract—3D semantic occupancy prediction (OCC) is a
crucial task in vision-centric autonomous driving, focusing on
reconstructing fine-grained 3D geometry and semantics of the
scene surrounding the ego vehicle. Despite recent progress, OCC
still faces a significant challenge in generalizing to real-world
scenarios due to the unpredictable domain shifts between training
data and diverse testing environments. A promising solution to
this challenge is test-time adaptation (TTA), which enhances
model generalization by updating its parameters to align with the
testing domain during inference. However, applying existing TTA
methods to OCC is non-trivial as: i) Practical deployment of OCC
on resource-constrained onboard devices imposes requirements
on memory efficiency. ii) OCC must rapidly adapt to dynamic
scenes in latency-sensitive autonomous driving scenarios, pos-
ing a challenge for fast test-time adaptation. To address the
above issues, we propose a novel fast and memory-efficient
Occupancy Test-Time Adaptation (OccTTA) method. Specifically,
i) to achieve memory-efficient TTA, we propose a novel TTA
framework for OCC based on lite-boost units; ii) to enable fast
TTA, we propose a novel forward-backward adaptation strategy
that synergizes computationally lightweight forward updates
with selective backward optimization. Specifically, our strategy
selectively triggers backward updates only for divergent inputs,
while employing a k-NN classifier to perform efficient forward
updates for accelerating the model’s responsiveness to domain
shifts, thereby simultaneously improving adaptation efficiency
and achieving superior performance. Moreover, to address the
class imbalance problem in OCC, we introduce an adaptive class-
balanced loss that dynamically prioritizes challenging classes, en-
abling more robust TTA. Extensive experiments on the nuScenes-
C benchmark verify the effectiveness of our method.

Index Terms—Test-time Adaptation, 3D Occupancy Prediction,
Autonomous Driving.

I. INTRODUCTION

Vision-based 3D semantic occupancy prediction (OCC)
aims to estimate the occupancy states and semantic labels of
3D voxels surrounding the ego vehicle for a comprehensive un-
derstanding of 3D scenes. Compared to traditional perception
tasks, such as 3D object detection [[1]-[5] and bird’s-eye view
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Fig. 1: OccTTA mitigates domain-shift-induced performance
degradation in 3D occupancy prediction in a fast and memory-
efficient manner.

(BEV) semantic segmentation [6]—[9], it offers finer-grained
geometric perception and general object recognition capa-
bilities, eliciting significant interest among the autonomous
driving community. Previous works [[10]-[22] have extensively
investigated various aspects of this task, including the ac-
curacy, efficiency, and memory overhead, achieving superior
performance.

Despite significant progress, existing OCC methods rely
on an ideal assumption: test images come from the same
distribution as training images. However, this assumption
does not hold true in real-world scenarios, where autonomous
vehicles encounter natural variations such as weather-induced
lighting changes or sensor noise, causing domain shifts be-
tween training and test data. These shifts cause significant
performance degradation in well-trained models, leading to
unintended traffic accidents and severe safety risks, which
limit their practical utility (Fig. 2). In this work, we address
the above-mentioned gap by proposing Occupancy Test-Time
Adaptation (OccTTA), the first approach to apply Test-Time
Adaptation (TTA) to the OCC task. However, this application
is non-trivial. While TTA allows models to adapt to unla-
beled target domain data, existing methods [23]-[37] primar-
ily address general domain shifts and overlook two critical
challenges specific to OCC: i) Practical deployment of OCC
on resource-constrained onboard devices imposes require-
ments on memory efficiency. ii) OCC models demand rapid
adaptation to dynamic environmental shifts under latency-
sensitive deployment settings, posing a challenge for fast
test-time adaptation. Therefore, conventional TTA methods
that primarily adjust parameters of normalization layers (e.g.,
BatchNorm) are not applicable as: i) Updating normalization
parameters in deep networks introduces significant memory
overhead, as it requires storing large intermediate activations,
conflicting with the need for memory efficiency. ii) Conven-
tional TTA methods, which rely on iterative back-propagation
per sample, incur prohibitive computational overhead, hinder-
ing their deployment in latency-sensitive autonomous driving
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scenarios. Addressing these challenges, our OccTTA proposes
two novel techniques (Fig. [I): i) To achieve memory-efficient
TTA, we propose a novel efficient TTA framework for OCC
based on lite-boost units. By integrating lite-boost units into
the OCC model, our framework minimizes memory con-
sumption through reduced intermediate activation sizes. ii)
To enable fast TTA, we propose a novel forward-backward
adaptation strategy that significantly reduces adaptation la-
tency while simultaneously enhancing model performance.
Our strategy selectively triggers computationally intensive
backward updates only for divergent inputs, while employing
a k-NN classifier to perform efficient forward updates for ac-
celerating the model’s responsiveness to domain shifts, thereby
simultaneously improving adaptation efficiency and achiev-
ing superior performance. In addition to the aforementioned
challenges, OCC models face severe class imbalance in the
pseudo-labels generated during adaptation. Directly adapting
to these imbalanced pseudo-labels risks pushing the model
toward trivial solutions, hindering adaptation effectiveness. To
address this issue, we introduce an adaptive class-balanced
loss that dynamically prioritizes adaptation towards more
challenging classes based on online difficulty measurements,
ensuring stable adaptation to imbalanced class distributions.
Our main contributions can be summarized as follows:

o We present OccTTA, the first test-time adaptation ap-
proach tailored for OCC models, boosting their general-
ization to real-world scenarios.

e To ensure OccTTA meets the memory efficiency re-
quirement of OCC, we propose a novel framework that
leverages lightweight lite-boost units to enable resid-
ual learning, thereby minimizing intermediate activation
sizes.

e To enhance the efficiency of OccTTA, we propose a
novel forward-backward adaptation strategy that syner-
gizes computationally lightweight forward updates with
selective computationally intensive backward optimiza-
tion. We also propose a novel adaptive class-balanced
loss to address OCC'’s class imbalance problem.

o Extensive experiments on the nuScenes-C benchmark
demonstrate the superiority of OccTTA, achieving 23.0%
higher mIoU over the state-of-the-art TTA method under
severe domain shifts, along with a 71.1% reduction in
memory overhead and a 52.1% acceleration in adaptation
speed.

II. RELATED WORK
A. 3D Semantic Occupancy Prediction

3D semantic occupancy prediction (OCC) task has garnered
significant attention in recent years due to its enhanced geome-
try information and superior capability in detecting general ob-
jects. TPVFormer [11] projects surrounding multi-camera fea-
tures into a tri-perspective view representation and leverages
sparse point cloud supervision for 3D occupancy prediction.
SurroundOcc [10] employs a multi-scale transformer architec-
ture to construct 3D voxel representations and hierarchically
fuses them in a coarse-to-fine manner. COTR [13]] proposes a
compact voxel representation to reduce computational costs. It

a
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Fig. 2: Performance degradation: Domain shifts between
training data and testing environments result in significant
performance degradation that manifests as structural distor-
tions (e.g., narrowed lanes, merged vehicles, highlighted in
red boxes).

employs an explicit-implicit view transformation mechanism
to generate geometry-aware features and adopts a coarse-
to-fine semantic grouping strategy to enhance semantic dis-
criminability. PanoOcc [17] introduces a unified occupancy
representation for 3D panoptic segmentation via a coarse-to-
fine learning scheme. GaussianFormer [22] models 3D scenes
with sparse 3D semantic gaussians and designs a gaussian-to-
voxel splatting module to generate the semantic occupancy.
OccNeRF [21] integrates neural radiance fields with occu-
pancy prediction, leveraging multi-view geometric constraints
to reconstruct dense 3D occupancy fields. SparseOcc [15]]
introduces a fully sparse occupancy network that reconstructs
a sparse 3D representation and predicts occupancy through
sparse queries, effectively reducing computational overhead.
FastOcc [14]] accelerates the 3D occupancy prediction process
by simplifying 3D convolution blocks to a 2D BEV convo-
Iution network and completing the BEV features with the
interpolated voxel features. STCOcc [38]] introduces a sparse
spatial-temporal cascade renovation framework that leverages
predicted occupied states to guide 3D feature refinement and
sparse temporal modeling, reducing memory and computa-
tional costs for occupancy prediction. S2GO [39] represents
driving scenes with a compact set of streaming sparse 3D
queries and decodes them into semantic Gaussians, achieving
efficient occupancy prediction with faster inference.

While the aforementioned methods have made significant
progress in occupancy prediction, they remain constrained
by the assumption of identical training-test data distributions,
overlooking the critical challenge of domain shifts in real-
world deployment. Our method presents an early effort to
address domain shift challenges for OCC models, establishing
a foundation for robust cross-domain generalization.

B. Test-Time Adaptation

Test-Time Adaptation (TTA) aims to improve model per-
formance on test data via model adaptation through unlabeled
test samples. TENT [23] introduces a fully test-time adapta-
tion method that updates batch normalization parameters via
entropy minimization. CoTTA [25] proposes continual TTA
setup and applies weight-averaged and augmentation-averaged
predictions with stochastic weight restoration to mitigate error



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

accumulation and catastrophic forgetting. MEMO [26] mini-
mizes the marginal entropy of predictions across different aug-
mented views of a given test sample to encourage the model
to make consistent predictions across different augmentations.
SAR investigates the effects of norm layers in TTA and
introduces a sharpness-aware and reliable entropy minimiza-
tion method to achieve stable model adaptation. RoOTTA
utilizes the teacher-student model to stabilize adaptation and
selects the data with category-balanced sampling with time-
liness and uncertainty. COME introduces conservative
entropy minimization for robust adaptation, which models
prediction uncertainty with a Dirichlet prior and regularizes the
model to favor conservative confidence on unreliable samples.
ReCAP models region-level uncertainty to construct a
proxy objective for region confidence optimization, effectively
mitigating noisy adaptation dynamics and achieving supe-
rior generalization. [35] introduces hierarchical distribution
alignment, performing style-level correction in shallow layers
and semantic-level alignment in deeper layers, achieving fast
and stable test-time generalization. A3-TTA proposes an
adaptive anchor alignment framework that constructs reliable
pseudo-labels through anchor-guided supervision, effectively
mitigating pseudo-label noise, feature misalignment, and error
accumulation in TTA. COLA proposes a context-aware,
language-driven TTA approach that leverages semantic textual
information to guide feature alignment, improving robustness
under distribution shifts. proposes an uncertainty- and
distribution-aware reset strategy, demonstrating that properly
scheduling and locating resets is crucial for suppressing er-
ror accumulation and ensuring long-term adaptation stability.
Conventional TTA methods mainly concentrate on image

classification and segmentation tasks, and recent efforts have
extended TTA to other domains. MonoTTA adapts TTA
to monocular 3D object detection by designing an adaptive
strategy to identify reliable objects for model adaptation
and introducing a negative regularization term to leverage
low-score objects through negative learning. BATCLIP [42]
enhances CLIP’s robustness to common image corruptions
by jointly adapting its visual and text encoders within the
shared multimodal feature space. BCA continuously
updates text-based class embeddings to align likelihoods with
incoming image features and concurrently refines class priors
using posterior estimation. FGA [44] introduces flatness-aware
optimization into TTA, guiding models toward flatter loss
landscapes to enhance generalization and robustness of vision-
language models under distribution shifts.

However, applying existing TTA methods to OCC is non-
trivial as: i) Practical deployment of OCC on resource-
constrained onboard devices imposes requirements on memory
efficiency. ii) OCC must rapidly adapt to dynamic scenes under
latency-sensitive deployment settings, posing a challenge for
fast test-time adaptation. To the best of our knowledge, our
OccTTA is the first to extend TTA to the OCC task and address
these challenges, enabling fast and memory-efficient TTA in
real-world scenarios.

III. PRELIMINARIES

TTA Problem Formulation. Given a pre-trained model
fo(x) with parameters O, trained on labeled training images
{(x5,y5)}Y,, where N is the number of training samples
and x* ~ P(x) follows the training distribution P(x).
During training, the model is optimized to fit (or overfit)
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Fig. 3: The pipeline of our OccTTA. Our OccTTA comprises three components: i) A memory-efficient TTA framework based
on lite-boost units (green). ii) A forward-backward adaptation strategy that combines efficient forward updates and selective

backward optimization (blue). iii) An adaptive class-balanced loss (

). The original OCC model is represented in gray.
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the training data. However, during testing, the performance
of fo(x) would heavily degrade once there are distribution
shifts between training and test images, i.e., testing images
x ~ @Q(x) and P(x) # Q(x). Our goal is to enhance
the model’s performance during test time through continuous
target domain adaptation in an online manner. Specifically,
we aim to update the model by minimizing unsupervised
objectives defined on test samples:

min £(p) (1)

6
where £ is the loss function, © € O denotes the subset of
model parameters that should be updated, p is the prediction
on the test images X.

IV. METHOD
A. Overview

To achieve TTA for OCC, we propose a novel Occupancy
Test-Time Adaptation (OccTTA) method, which includes: 1)
A memory-efficient TTA framework based on lite-boost units
that minimizes memory overhead by reducing intermediate
activation storage. ii) A forward-backward adaptation strategy
that enhances adaptation efficiency by reducing redundant and
time-consuming back-propagation steps, while incorporating
efficient forward updates to accelerate the model’s respon-
siveness to domain shifts. iii) An adaptive class-balanced loss
that dynamically prioritizes challenging classes to address
class imbalance in OCC, further improving TTA performance.
Please see Fig. [3] for an overview of the pipeline of our
OccTTA method.

B. Memory-Efficient TTA Framework

As mentioned above, test-time adaptation (TTA) for OCC
models is inherently constrained by limited memory resources,
rendering conventional TTA methods that primarily update
normalization layers impractical due to their substantial mem-
ory overhead (Fig. f[a)). A straightforward workaround is to
reduce the number of learnable parameters by only adapting
the deep normalization layers (e.g., LayerNorm, LN) in the
model. However, this results in performance degradation and
offers only marginal memory savings (Fig. f{(b)). This limi-
tation arises because memory consumption during training is
dominated by intermediate activations rather than learnable
parameters [45].

Memory Overhead Analysis of LayerNorm. Theoreti-
cally, let a; and b; denote the scale and shift factors of the i-th

LayerNorm layer of the OCC model, F; its normalized input
feature, and F;; its output feature. The forward computation
is defined as:

Fir1=a;F; +b; (2)
with backward gradients computed as:
oL oL oL oL oL oL 3)

aFZ - 8Fi+1 & [“)ai N 3FZ—+1 v (Q)bl - 8Fi+1
Eq. 3] demonstrates that updating each LN layer requires
storing intermediate activations F;. Given a large OCC model,
conventional TTA methods incur substantial memory overhead
due to the storage of large intermediate activations for multiple
LN layers. To address this, we propose a memory-efficient
TTA framework that minimizes memory consumption via
lightweight residual update (Fig. [fc)).

Memory-Efficient Residual Update. Specifically, we at-
tach lite-boost units and auxiliary LN layers external to the
original cross-view attention modules and refine modules of
the OCC model, thereby enabling lightweight residual update.
Let F; be the output of the lite-boost unit, and F' the output of
the cross-view attention module (or refine module), we have
the refined feature F/ as follows:

F' = LN(F) + F, )

This design offers dual advantages: i) the lite-boost units
minimize memory overhead by reducing the size of inter-
mediate activations required for back-propagation, enabling
memory-efficient adaptation; ii) freezing original model pa-
rameters ensures robust adaptation without sacrificing pre-
trained knowledge, avoiding catastrophic forgetting. To ensure
robust adaptation, we employ a teacher-student framework
similar to CoTTA [25]].

Remark. Note that the key contribution of our framework
lies not in the specific internal design of the lite-boost units,
but in the architectural strategy of externally attaching these
units to the modules of the original model. Therefore, without
loss of generality, we implement each lite-boost unit as a
lightweight module comprising two Linear-ReLU-LN blocks.
Please see Table [VII] for more details.

C. Forward-Backward Adaptation Strategy

OCC models demand rapid adaptation to dynamic domain
shifts in latency-sensitive autonomous driving scenarios, yet
existing methods suffer from high computational costs due to
per-sample iterative backward optimization, posing a challenge
for fast test-time adaptation. To address this challenge, we
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propose a novel forward-backward adaptation strategy that
jointly leverages computationally efficient forward and back-
ward pathways to optimize predictions with minimal latency.

1) Selective Backward Optimization: For backward adap-
tation, we exploit a key observation in autonomous driving:
test data evolves gradually, and adjacent frames often yield
similar gradients. As shown in Fig. [6] our empirical statistics
reveal that over 50% of consecutive frames exhibit gradient
similarities exceeding 99%. To enhance adaptation efficiency,
we selectively skip the backward loss and gradient computa-
tions for samples whose output cosine similarity with recent
predictions exceeds a predefined threshold e:

S(yt) = H{cos(ﬂt,ot*1)<e}(yt) )]
o' =™+ (1-a)7 (6)

where 7° = % vaz/l p! represents the average prediction over
N’ non-empty voxels at time step ¢, and p! denotes the model’s
prediction for voxel ¢ at step ¢; o' is the moving average of
model outputs, dynamically tracking recent predictions. In this
way, we ensure that backward optimization is executed only
when S(7) = 1 (i.e., when the cosine similarity falls below
€), thereby removing redundant computations while preserving
adaptation efficacy.

2) Efficient Forward Update: On the other hand, while
the teacher-student framework enables robust adaptation, its
inherent reliance on gradual model updates results in its slow
response to abrupt domain shifts—an issue exacerbated when
combined with selective backward optimization. To address
this, unlike conventional methods that solely rely on back-
ward optimization, we simultaneously enhance predictions via
lightweight forward updates, enabling fast responsiveness to
domain shifts while achieving superior performance. Specif-
ically, we additionally integrate a k-NN classifier Oy, that
directly refines predictions during each forward pass. Oy, is
a non-parametric module that maintains a memory bank B of
representative features f, labels /, and confidence scores ¢, and
makes predictions at inference time via confidence-weighted
similarity voting by retrieving the top-k nearest neighbors and
aggregating their predictions as follows:

Ot (fi) = softmax( Z fij - ¢ - 1) .

JEBy

where p1;; denotes the cosine similarity between the input
feature f; and memory feature f;, c; is the confidence score
associated with f;, [; is its one-hot encoded class label, and B,
denotes the top-k nearest neighbors retrieved from the memory
bank. After that, we refine the final prediction p; by combining
the output of the original OCC classifier ©. with that of O,,:

where \ € [0,1] is a balancing coefficient.

Memory Bank 5B Update Protocol. The k-NN classifier
rapidly adapts to domain shifts through immediate feature
memory updates, delivering performance gains during early
adaptation phases. Specifically, we introduce a memory bank
update protocol. Each class is assigned an equal number
of memory slots to ensure class balance, and during online

updates, for each sample’s prediction, the top-k highest-
confidence features per class are selected to update their
respective memory queues in a circular queue manner. This
approach enables the memory bank to evolve with the test-time
distribution while incurring minimal computational overhead.
Furthermore, to preserve critical source domain knowledge,
we partially freeze the memory bank by retaining a subset
of source domain representations, thereby striking a balance
between adaptability and knowledge retention during target
domain adaptation. Please see Fig. [5] for a clear and intuitive
understanding of our memory update protocol.

Remark. The integration of ©, and Oy, enables the model
to accelerate its response to domain shifts while preserving
adaptation stability. By synergizing selective backward opti-
mization with computationally efficient forward updates, our
method concurrently achieves superior adaptation speed and
prediction accuracy.

D. Adaptive Class-Balanced Loss

Conventional TTA methods often assume that the classwise
data distributions are well balanced, rendering them ill-suited
for real-world OCC scenarios, where confidence levels across
classes vary significantly (Fig.[7[a)) and severe class imbalance
(e.g., >90% empty-class voxels, Fig. [7(b)) often triggers
trivial solution convergence. To achieve robust adaptation
under class-imbalanced conditions, we design an adaptive
class-balanced loss incorporating a dynamic difficulty-aware
reweighting mechanism. Firstly, we compute class-wise confi-
dence levels by temporally accumulating per-class prediction
confidence. For class ¢ at time step ¢, we have:

i1 sz\il H{p[C]>top2(p)}(p§) -l
p [C] = N P
> i=1 Liple>top2(p)} (P5)

m'lc] = Bm!~ e + (1 - B)p'[c]

where pt[c] denotes the predicted probability of class ¢ for
voxel v; at step t; Iip>top2(p)} 18 an indicator function that
selects the first two high confidence predictions to increase
the tolerance against noise in pseudo labels, which is inspired
by [46]; p'[c] denotes the averaged probability value of class
c at step t; m'[c] denotes the confidence level of class c at
step ¢.

Then, we define the adaptive class-balanced loss leveraging
the following insight: confidence levels indicate the relative
difficulty of different classes, with lower confidence corre-
sponding to inherently more challenging classes that require
increased model focus. Accordingly, we have:

€))

(10)

C
Loa) == (1 - S il logalld (D
C
Ly(g}) == (1—p'[c])logg[c] (12)

where p! and ¢! denote the predictions of the teacher model
and student model for voxel 7 at step ¢, respectively; L.
is a weighted cross-entropy loss that assigns higher weights
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to under-learned classes while suppressing overconfident pre-
dictions for dominant classes; Ly is a confidence-guided
suppression mechanism inspired by [47]: predictions for high-
confidence classes are suppressed, which redistributes learning
focus to other low-confidence classes. Our adaptive class-
balanced loss ensures stable adaptation to imbalanced distri-
butions by dynamically reweighting both supervision signals
and prediction constraints.

Overall Loss. To mitigate error accumulation and catastrophic
forgetting, we incorporate a regularization term £, to constrain
the refined feature from deviating significantly from the output
feature of the frozen original networks:

L, =|F —F| (13)
However, setting the regularization strength presents a
dilemma: excessive constraints hinder effective learning, while
insufficient constraints fail to suppress error propagation. To
resolve this, we set a small regularization constraint and
additionally record a less inert moving average n' of confi-
dence levels to estimate dynamic shifts in sample distributions.
Specifically, we compute:

n' =yn'~! + (1 - 4)p* (14)
where n! represents the distributional shift estimate at step ¢.
With v < 3, n® exhibits a higher sensitivity to distributional
changes compared to m?. We define a large threshold €’; when
S°9 | [nt[e]—mi[¢]| > ¢, indicating abrupt distribution shifts,
we reset the parameters of lite-boost units to prevent error
accumulation caused by outdated adaptations. The overall loss
function is formulated as below:

£ == £c + >\5Es + )\T‘CT
where )\ and A, are trade-off parameters.

(15)

V. EXPERIMENT

Experimental setup. Following CoTTA [25], we conduct
experiments on the continual TTA task, where the deployed
model is continually adapted to each corruption type se-
quentially. We empirically validate whether the proposed
OccTTA method can effectively enhance the performance
of OCC models under a batch size of 1. The rationale for
this setup is that in real-world autonomous driving scenarios,
OCC methods require fast adaptation to dynamically evolving
environments to support latency-sensitive online prediction,
where sequential test-time updates must operate on single-
frame inputs. It is noteworthy that this experimental setup
poses significant challenges due to constrained mini-batch size,
correlated sampling dependency, non-static distribution shifts,
and pronounced class imbalance, which collectively exacerbate
adaptation instability.

Dataset. nuScenes [48] is a large-scale autonomous driving
dataset, which contains 700 training sequences and 150 vali-
dation sequences. Each sequence lasts 20 seconds with RGB
images collected by 6 surround-view cameras. We utilize the
dense semantic occupancy annotations from SurroundOcc [|10]]
for evaluation, where the 3D voxel space spans [-50m,-50m,-
3m] to [50m,50m,5m] with a resolution of 0.5m3. Each voxel
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TABLE I: Comparisons with state-of-the-art methods on nuScenes-C validation set (SEVERITY LEVEL 5) with BATCH

SIZE=1 regarding mloU, where experiments are based on Gau
result. * denotes the implementation incorporating our adaptive

ssianFormer [22]]. bold: the best result; underline: second best
class-balanced loss.

Method \ Noise | Blur | Weather | Digital \
| Gauss. Shot Impul. | Defoc. Glass Motion | Snow Frost  Fog Brit. | Contr.  Pixel  Sat. | Avg.
Source-only 2.77 4.02 2.89 5.80 17.21 8.95 2.29 8.21 15.88 16.85 5.80 1583 8.19 8.82
TENT 0.01 - - - - - - - - - - - - fail
MEMO - - - - - - - - - - - - - fail
COME - - - - - - - - - - - - - fail
SAR 1.36 0.60 0.13 0.16 0.63 0.05 0.00 0.03 0.05 0.04 0.00 0.02 0.00 0.24
CoTTA 2.72 3.91 2.79 5.65 16.17 8.12 2.04 7.28 14.69 15.61 5.17 15.01 743 8.20
CoTTA* 347 4.99 3.69 6.42 16.54 9.15 3.04 8.54 15.67 16.60 6.38 16.03  8.46 9.15
RoTTA 2.82 4.17 3.11 5.83 13.93 7.98 2.10 5.56 9.19 9.19 3.77 6.77 3.47 5.99
RoTTA* 2.89 4.30 3.22 6.06 17.42 9.23 2.39 8.61 16.07 17.08 6.05 16.17 8.36 9.07
OccTTA(Ours) 3.51 5.57 4.28 7.14 18.46 10.26 3.25 9.50 16.34 18.23 7.51 17.35 9.81 | 10.09
TABLE II: Comparison of memory overhead and adaptation speed.

Method \ TENT MEMO COME SAR CoTTA  ROTTA  OccTTA(Ours)

Mem.(MB) 22325 52153 22325 22559 26291 27499 7591

Speed(s/iter) 1.31 4.31 1.32 2.63 2.17 2.23 1.04

is labeled across 18 categories, including 16 object classes, an
“unknown” class, and an “empty” class. Following [33]], we
construct the nuScenes-C benchmark through the incorpora-
tion of 13 distinct types of data corruptions [49]] at 5 severity
levels.

Compared Methods. We compare our method with the fol-
lowing methods: 1) source-only directly applies the pre-trained
GaussianFormer [22] model to the test data within corruptions
without adaptation; 2) Tent [23] minimizes the entropy of
test samples; 3) SAR [28] selectively prunes high-entropy
samples and optimizes the entropy loss to a flat minimum;
4) COME [40] introduces conservative entropy minimization
for robust adaptation; 5) MEMO [26] enforces the prediction
consistency of different augmented copies of a test sample;
6) CoTTA [25]] employs a mean teacher framework to min-
imize cross-entropy loss while integrating stochastic partial
weight restoration; 7) RoTTA [27] leverages a mean teacher
framework to optimize a temporally-weighted cross-entropy
loss and selects the data with category-balanced sampling with
timeliness and uncertainty.

Implementation Details and Evaluation Metric. OccTTA
is a general framework that can be applied to most existing
pre-trained OCC models, endowing them with robustness to
domain shift. Without loss of generality, we choose Gaussian-
Former [22] as the source model and conduct model adaptation
based on publicly available pre-trained weights provided by its
authors. Similar to previous TTA works [29]—[32], we pre-train
the lite-boost units on the source dataset before deployment.
We use a cross-entropy loss with an Adam optimizer with
a learning rate of 2e-4 to pre-train the lite-boost units for
only one epoch. Note that we do not require the source
dataset during test time. The k-NN classifier’s memory bank
is initialized with 1,000 slots per class and populated with
source domain representative features by maximizing intra-
class feature space coverage through farthest feature selection
relative to class centroids. During adaptation, we employ an
Adam optimizer with a learning rate of 2e-4 and no weight

decay. The memory bank is updated through forward updates
with 300 slots per class. The top-K parameter is set to 10
for confidence-weighted similarity voting and 50 for memory
bank updates. The moving average factors «, 3, and -y in Eq.[6}
Eq. and Eq. [T4] are set to 0.9, 0.99, and 0.9, respectively.
The online confidence level m! and the less inert one n! in
Eq. and Eq. are initialized to 1/C at t = 0, where
C denotes the total number of semantic categories. The skip
threshold ¢ and reset threshold ¢’ are set to 0.985 and 2.0,
respectively. The trade-off parameter A in Eq. [8] is assigned a
value of 0.01. The trade-off parameters A; and A, in Eq.
are assigned values of 0.0001 and 0.05, respectively. We report
our experimental results with the mean intersection over union
(mIoU) of all semantic classes.

A. Comparisons with State-of-the-arts

We compare our approach to competing TTA methods on
nuScenes-C under the highest severity level 5, with quan-
titative results detailed in Table [ and Table [ Due to
distribution shifts, directly applying the pre-trained model (i.e.,
source-only) suffers severe performance degradation across all
corruption types. Competing TTA methods struggle to improve
model performance, underscoring the unique challenges of
adapting OCC models to domain shifts. In contrast, our
method consistently achieves state-of-the-art or competitive
performance with superior efficiency. Specifically, our method
achieves 23.0% higher mloU over the best counterpart method
CoTTA [25] under severe domain shifts, along with a 71.1%
reduction in memory overhead and a 52.1% acceleration in
adaptation speed. The original CoTTA and RoTTA frame-
works exhibit limited efficacy in enhancing model perfor-
mance, whereas their variants equipped with our adaptive
class-balanced loss achieve better performance, demonstrating
the effectiveness of our adaptive class-balanced loss. Other
baselines (TENT [23]], MEMO [26], SAR [28]], COME [40])
trigger model collapse (i.e., predicting only empty classes).
We attribute this failure to two factors: (1) The high gradient
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TABLE III: Adaptation performance on nuScenes-C validation set using SurroundOcc .

Method | Noise | Blur | Weather | Digital |

| Gauss.  Shot  Impul. | Defoc. Glass Motion | Snow Frost  Fog Brit. | Contr.  Pixel  Sat. | Avg.
Source-only 8.01 9.09 8.48 8.86 18.85 9.19 3.93 7.93 17.19  18.22 5.44 1529 11.37 | 1091
TENT 0.16 - - - - - - - - - - - - fail
SAR 2.56 - - - - - - - - - - - - fail
CoTTA 8.01 9.09 8.48 8.86 18.85 9.19 3.93 7.93 17.19 18.22 5.44 1529 11.37 1091
RoTTA 8.01 9.07 8.46 8.89 18.81 9.26 3.83 7.98 17.04 18.03 5.25 1492 11.08 | 10.82
OccTTA(Ours) 8.86 10.08 9.43 9.57 19.98 10.11 4.59 895 18.82 19.56 5.96 17.35 13.53 | 12.06

FRONT LEFT FRONT BACK RIGHT BACK BACK LEFT

FRONT RIGHT

-

Ground Truth Source-Only

Source-Only

OccTTA(Ours)

BACK RIGHT

Fig. 8: Qualitative results of baselines and the proposed OccTTA. Failed methods are omitted for clarity and brevity.

noise in individual samples impedes stable model optimiza-
tion, while aggressive parameter updates in the absence of
a mean-teacher framework exacerbate instability; (2) Severe
class imbalance further amplifies this bias, aggravating the
instability of entropy minimization, which even sharpness-
aware or conservative entropy minimization fail to resolve.

B. Qualitative Results

We provide qualitative visualization results from compari-
son methods and our proposed OccTTA in Fig. [8] It can be ob-
served that the source-only baseline suffers severe performance
degradation. While existing TTA methods fail to enhance OCC
model performance or even collapse, our approach effectively
improves 3D occupancy prediction accuracy under severe
domain shifts.

C. Adaptation Performance with Other Backbone.

To further validate the effectiveness of our proposed Oc-
c¢TTA across diverse backbones, we performed additional

experiments with SurroundOcc adopted as an alternative
backbone. As presented in Table [l OccTTA consistently
attains state-of-the-art performance that outperforms prior TTA
methods, demonstrating our method’s consistent effectiveness
for different backbones.

D. Ablation Study

Effect of Each Component. As shown in Table V] com-
pared to the naive solution, incorporating our memory-efficient
TTA framework significantly reduces memory overhead while
maintaining adaptation efficacy. The adaptive class-balanced
loss ensures robust adaptation under severe class imbalance.
The forward-backward adaptation strategy significantly ac-
celerates adaptation speed while simultaneously enhancing
performance, highlighting its critical role in improving TTA
efficiency.

Effectiveness of Forward-backward Adaptation Strategy.
As shown in Table [V] the integration of efficient forward
updates consistently enhances model performance, improving
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TABLE IV: Ablation study of each component.

Method | mloU Mem.(MB)  Speed.(s/iter)
Naive LayerNorm TTA 9.03 25929 1.70
+Memory-Efficient TTA Framework 9.05 6159 1.40
+Adaptive Class-balanced Loss 9.98 7393 1.68
+Forward-Backward Adaptation Strategy 10.09 7591 1.04

mloU from 9.98 to 10.09 and 9.97 to 10.09. Selective back-
ward optimization significantly accelerates adaptation speed,
decreasing inference time from 1.68s/iter to 1.01s/iter while
maintaining comparable performance (mloU 9.98 vs. 9.97).
Notably, the synergistic integration of lightweight forward
updates and selective backward optimization achieves both
efficiency gains and accuracy improvements simultaneously,
attaining a fast inference time of 1.04s/iter alongside a superior
mloU of 10.09.

TABLE V: Ablation study of forward-backward adaptation
strategy.

Forward Update  Selective Backward mloU Mem.(MB)  Speed.(s/iter)
- - 9.98 7393 1.68
v - 10.09 7549 1.70
- v 9.97 7435 1.01
v v 10.09 7591 1.04

Generalizability of OccTTA. By addressing the unique chal-
lenges of OCC tasks while remaining agnostic to specific
model architectures, OccTTA can be readily extended to
other tasks. To demonstrate this, we conducted additional
experiments on the KITTI-C dataset for 3D object detection
task using MonoFlex [33]]. As shown in Table OccTTA
achieves state-of-the-art performance superior to recent work
MonoTTA [33] (32.77 vs. 34.69mAP) while simultaneously
reducing memory overhead by 27.2% and accelerating adap-
tation speed by 11.8%. This demonstrates our method’s con-
sistent effectiveness beyond OCC tasks while maintaining
efficiency advantages.

TABLE VI: Generalization to monocular 3D object detection.

Method \ mAP  Mem.(MB)  Speed.(ms/iter)
Source-only 20.55 4244 26
MonoTTA [33] | 32.77 15150 68
OccTTA(Ours) 34.69 11022 60

Architecture Ablation of Lite-boost Units. We conducted
additional ablation experiments to analyze different design
choices for the lite-boost units. As shown in Table below,
varying the number of Linear-ReLU-LN blocks has little
impact on adaptation performance. Since a single Linear-
ReLU-LN block may have limited adaptive capacity, leading
to slightly weaker performance in the table, while three Linear-
ReLU-LN blocks introduce extra memory overhead, we opted
for two Linear-ReLU-LN blocks to balance performance and
memory consumption.

Adaptation Performance with Single Corruption Type. We
conduct additional experiments to further evaluate adaptation
performance with a single corruption type. As shown in
Table below, even when focusing on adapting to a single
corruption type, existing TTA methods still struggle to improve

TABLE VII: Ablation study of design choices for the lite-
boost units.

Architecture of lite-boost units ~ Average mloU  Mem.(MB)

One Linear-ReLU-LN block 10.08 7450
Two Linear-ReLU-LN blocks 10.09 7591
Three Linear-ReLU-LN blocks 10.09 8006

model performance, which underscores the unique challenges
of test-time adaptation for OCC models. In contrast, our
method achieves robust adaptation under class imbalance con-
ditions, consistently delivering state-of-the-art performance.
This demonstrates its distinctive effectiveness in adapting
OCC models to domain-shifted data. Furthermore, the speed
and memory efficiency of our method further highlight its
superiority.

TABLE VIII: Adaptation performance with single corruption
type.

Method \ Gaussian  Defocus  Frost  Contrast
Source-only 2.77 5.80 8.21 5.80
TENT [23] 0.01 0.02 0.05 0.03
MEMO [26] 0.01 0.01 0.01 0.01
SAR [28] 1.36 3.04 4.43 3.04
CoTTA [25] 2.72 5.74 7.56 5.64
RoTTA [27] 2.82 5.93 8.22 6.05
OccTTA(Ours) 3.51 7.29 9.68 7.63

Ablation on Warm-up Initialization for Lite-Boost Units.
We further investigate the impact of the warm-up stage for
initializing the lite-boost units by comparing it with a zero-
initialized setting. In this setting, the newly introduced lite-
boost units are initialized with zero weights, so that the
residual branch starts from a neutral state and is updated
online during test-time adaptation. As shown in Table [IX]
zero initialization achieves an average mloU of 6.78, slightly
lower than the 6.92 obtained with warm-up initialization,
indicating that warm-up provides a useful but modest ini-
tialization benefit. Compared with the source-only baseline,
OccTTA with zero initialization still yields consistent gains,
increasing the average mloU from 5.65 to 6.78. These results
demonstrate that OccTTA remains effective across different
lite-boost initialization settings, including cases where source-
data warm-up is unavailable.

TABLE IX: Ablation on warm-up initialization for lite-boost
units.

Initialization \ Gaussian ~ Defocus ~ Frost  Contrast ~ Avg. mloU
Source-only 2.77 5.80 8.21 5.80 5.65
Zero initialization 3.58 7.01 9.25 7.29 6.78
Warm-up initialization 3.51 7.14 9.50 7.51 6.92

Ablation on the Moving-Average Design. To isolate the
contribution of the moving-average design, we compare the
full loss with a variant that directly uses the current class-
wise confidence for reweighting. As shown in Table [X]
removing the moving average slightly decreases the mloU
from 10.09 to 10.05, indicating that it provides a modest
benefit by stabilizing the difficulty estimation. Meanwhile,
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the variant without moving average still maintains competitive
performance, suggesting that the adaptive class-balanced loss
remains effective under domain shifts.

TABLE X: Ablation on the moving-average design in the
adaptive class-balanced loss.

Variant | mloU
Loss w/o moving average | 10.05
Loss w/ moving average 10.09

Ablation on k-NN Memory Bank. To further analyze the
cost and necessity of the k-NN memory bank, we conduct
two ablation studies on memory-bank scalability and interval-
wise adaptation behavior. First, we evaluate the scalability of
the k-NN memory bank by varying the number of source
and target slots per class. As shown in Table a small
memory bank with 650 slots per class improves mloU from
9.97 to 10.03, with only 78 MB extra memory and 0.02
s/iter additional runtime. Increasing the capacity to our default
setting of 1300 slots per class further improves mloU to 10.09,
while the overhead remains moderate. A larger memory bank
with 1950 slots per class only brings a marginal gain to
10.10 but incurs higher cost. Therefore, we adopt 1300 slots
per class as a practical trade-off between accuracy, memory
consumption, and speed. Second, we analyze the necessity
of the memory bank. As shown in Table the k-NN
classifier (Oy,,) rapidly responds to domain shifts through
lightweight forward updates, achieving superior performance
in early adaptation stages compared to the original classifier
(©.). By fusing predictions from both classifiers (Oc¢ombine)s
our method accelerates responsiveness to domain shifts and
attains enhanced overall performance.

TABLE XI: Scalability of the k-NN memory bank.

Source Target Total Pred. Mem.  Pred. Speed  Pred.
slots/class  slots/class  slots/class (MB) (sliter) mloU
0 0 0 7435 1.01 9.97

500 150 650 7513 1.03 10.03
1000 300 1300 7591 1.04 10.09
1500 450 1950 7669 1.05 10.10

TABLE XII: Comparisons of mloU at corresponding iteration
intervals between Oy, O, and O pmpine. EXperiments are
conducted on the nuScenes-C validation set with Gaussian
noise corruption.

Classifier | 0-100  100-500  500-1000  1000-2000  2000-6000
Ok 4.09 4.85 3.95 3.02 3.35
0. 3.95 4.77 3.90 3.00 3.43
Ocombine | 4.00 4.81 3.92 3.01 344

Comparison with LoRA-based Adaptation. To clarify the
distinction between lite-boost units and LoRA, we compare
OccTTA with a LoRA-based variant, where LoRA with rank
4 is applied to the same OCC modules under identical test-
time adaptation settings. As shown in Table the LoRA-
based variant achieves 8.93 mloU with 8364 MB memory and
1.18 s/iter, while OccTTA obtains 10.09 mloU with 7591 MB
memory and 1.04 s/iter. These results show that our lite-boost
design not only improves adaptation performance but also

maintains better memory efficiency and adaptation speed. We
attribute this advantage to two factors. First, LORA performs
low-rank updates on individual linear layers and therefore
cannot directly provide a module-level residual correction
across the whole cross-view attention or refinement module.
Applying LoRA to these modules requires retaining activations
for multiple internal linear projections, leading to higher
memory and computational overhead in TTA. Second, test-
time adaptation is performed without explicit labels and is thus
vulnerable to noisy self-supervised gradients. LoRA perturbs
internal backbone projections, which can lead to unstable
representation drift. In contrast, our lite-boost units preserve
the frozen pretrained pathway and learn only a lightweight
normalized residual branch, making the adaptation more stable
under unsupervised OCC-TTA scenarios.

TABLE XIII: Comparison with LoRA-based test-time adapta-
tion. LoRA with rank 4 is applied to the same modules under
identical TTA settings.

Method mloU Mem.(MB)  Speed(s/iter)
LoRA (r =4) 8.93 8364 1.18
OccTTA 10.09 7591 1.04

Sensitivity to the Reset Threshold ¢’. We further analyze
the influence of the reset threshold ¢ in continual TTA. As
shown in Table OccTTA maintains stable performance
around the default threshold. In particular, varying ¢’ from 1.5
to 2.5 only causes marginal mloU fluctuations, from 10.07 to
10.09. These results demonstrate that OccTTA is not sensitive
to ¢’ within a reasonable range around the default setting.

TABLE XIV: Sensitivity analysis of the reset threshold ¢’

Reset threshold €’ ‘ 1.0 L5 2.0 2.5 3.0
Avg. mloU ‘ 10.01 10.07 10.09 10.08 10.02

Failure Diagnosis of Self-Entropy Minimization Baselines.
To better understand the collapse of self-entropy-minimization
baselines, we conduct a detailed failure diagnosis using TENT
as a representative case, recording per-frame gradient statistics
and class distributions under Gaussian noise corruption. As
shown in Table TENT rapidly converges to a trivial
empty-class solution. The inherent sparsity of OCC labels in-
duces a strong empty-class bias. During entropy-minimization-
based adaptation, this bias is further amplified. The predicted
empty ratio increases to 99.92% at frame 17 and 99.996% at
frame 26. By frame 50, the prediction degenerates to a single
active class, i.e., the empty class. Meanwhile, the gradient
norm drops from 0.1384 at frame O to 0.0026 at frame 50
and 0.0005 at frame 100, indicating that the adaptation signal
quickly vanishes once the model enters the over-confident all-
empty solution. These observations explain why entropy-based
baselines such as TENT, MEMO, and COME are prone to
collapse in our OCC setting: entropy minimization reinforces
the dominant empty-class prediction under severe occupancy
class imbalance, rather than providing a corrective adaptation
signal.

We further considered fairer variants by applying adaptive
class balancing to TENT. As shown in Table this
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TABLE XV: Per-frame failure diagnosis of TENT under
Gaussian noise.

Frame | Pred. Empty (%) GT Empty (%) Pred. Active Cls. ~ Grad. Norm  Ent. Loss
0 98.365 94.869 10 0.1384 0.1065
10 99.446 94.704 9 0.0773 0.0616
17 99.922 94.211 8 0.0548 0.0435
26 99.996 93.951 4 0.0252 0.0305
50 100.000 92.310 1 0.0026 0.0223
100 100.000 94.949 1 0.0005 0.0220

variant slightly improves over vanilla TENT but still remains
far below effective adaptation performance, with only 0.11
average mloU. This result shows that adaptive class balancing
mitigates the empty-class bias, but is not sufficient by itself to
stabilize standalone entropy minimization under severe OCC
class imbalance.

TABLE XVI: TENT variant with adaptive class balancing.

Method \ Gaussian ~ Defocus ~ Frost  Contrast ~ Avg. mloU
TENT [23] 0.01 0.00 0.00 0.00 0.00
TENT w/ adaptive class-balancing 0.15 0.09 0.10 0.08 0.11

Relation to long-tailed learning. Our adaptive class-balanced
loss is related to class re-balancing in long-tailed learning,
but differs from standard long-tailed techniques in the TTA
context. Conventional methods such as class re-weighting [50],
margin adjustment [51]], logit adjustment [52]-[54]], and decou-
pled classifier retraining [55] typically rely on labeled training
data with known class frequencies, and use this static fre-
quency prior to correct head/tail decision-boundary bias during
offline supervised training. In contrast, test-time adaptation is
source-free and label-free, where the target class distribution is
unknown, temporally changing, and only observable through
noisy predictions. Directly using pseudo-label frequencies can
be unreliable because OCC predictions are dominated by
the empty class and rare-class pseudo-labels may contain
substantial noise. Therefore, our loss does not depend on
static class frequencies. Instead, it dynamically estimates class-
wise adaptation difficulty from online confidence statistics and
reweights the adaptation objective accordingly, stabilizing TTA
under severe empty-class dominance and non-stationary target
streams.

Theoretical Analysis of Selective Backward Optimization.
Let ¢; denote the learnable parameters of the lite-boost units
and L;(¢;) denote the adaptation objective at time step ¢. The
selective backward optimization can be formulated as an event-
triggered gradient descent:

Gr41 = bt =05tV Li(De), st = 1{cos(ys,00-1) < €}. (16)
For local analysis, assume that within a locally stationary
segment, £; can be approximated by a local objective £ that is
L-smooth and lower bounded. When the learning rate satisfies
0 < n < 2/L, each triggered backward update satisfies the
standard descent condition:

£loun) < £00 =0 (1= ) sdvE@IE )

Therefore, with K1 = Zthl s¢, the average squared gradient
norm over triggered updates is bounded by O(1/Kr). This
indicates that selective backward optimization preserves the lo-
cal descent behavior of gradient-based adaptation while reduc-
ing redundant backward computation. Moreover, for skipped

frames, s; = 0 implies cos(yt,0;—1) > €. For normalized
output statistics g; and 0;_1, we have

190 = 01-1ll2 = /2 = 2cos(i, 61-1) < V/2(1 —¢).  (18)
Thus, the threshold e explicitly controls the maximum dis-
crepancy between the current and reference statistics allowed
for skipping backward computation. Under the local Lips-
chitz assumption that the adaptation gradient varies smoothly
with the output statistics, the skipped gradient discrepancy
is bounded by O(y/1 — €) plus the residual local distribution
drift. Therefore, a large threshold ¢ makes the selective update
conservative: backward computation is skipped only when the
current frame is close to the reference statistics, providing a
threshold-controlled stability bound for online adaptation.

VI. LIMITATIONS

Although OccTTA improves the robustness of OCC models
under domain shifts in a fast and memory-efficient manner,
it still has limitations. The adaptation performance under
severe corruptions remains constrained by the quality of
pseudo-labels. While the proposed adaptive class-balanced
loss alleviates this issue to some extent, designing specific
adaptation objectives, such as geometry-aware or temporal-
consistency-based losses, remains a promising direction for
further improving test-time adaptation in OCC. In addition,
real-device profiling on automotive SoCs or embedded plat-
forms remains an important direction for future deployment-
oriented evaluation.

VII. CONCLUSION

In this paper, we presented OccTTA, a novel test-time adap-
tation method specifically designed to address the unique chal-
lenges of 3D semantic occupancy prediction in autonomous
driving. We identified two key issues: memory efficiency for
deployment on resource-constrained devices and the difficulty
of rapidly adapting to dynamic scenes to ensure fast prediction.
Our proposed method overcomes these challenges by leverag-
ing a memory-efficient TTA framework based on lite-boost
units and a forward-backward adaptation strategy to ensure
fast and memory-efficient adaptation during inference. Further-
more, we introduced an adaptive class-balanced loss to address
the prevalent class imbalance issue in OCC, ensuring robust
adaptation to challenging classes. Extensive experiments on
the nuScenes-C benchmark demonstrate the effectiveness and
efficiency of our OccTTA in real-world testing scenarios.
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