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Abstract

Accurate monocular 3D object detection (M30D) is pivotal
for safety-critical applications like autonomous driving, yet
its reliability deteriorates significantly under real-world do-
main shifts caused by environmental or sensor variations.
To address these shifts, Test-Time Adaptation (TTA) meth-
ods have emerged, enabling models to adapt to target dis-
tributions during inference. While prior TTA approaches
recognize the positive correlation between low uncertainty
and high generalization ability, they fail to address the dual
uncertainty inherent to M3OD: semantic uncertainty (am-
biguous class predictions) and geometric uncertainty (un-
stable spatial localization). To bridge this gap, we pro-
pose Dual Uncertainty Optimization (DUO), the first TTA
framework designed to jointly minimize both uncertainties
for robust M30D. Through a convex optimization lens, we
introduce an innovative convex structure of the focal loss
and further derive a novel unsupervised version, enabling
label-agnostic uncertainty weighting and balanced learn-
ing for high-uncertainty objects. In parallel, we design a
semantic-aware normal field constraint that preserves geo-
metric coherence in regions with clear semantic cues, re-
ducing uncertainty from the unstable 3D representation.
This dual-branch mechanism forms a complementary loop:
enhanced spatial perception improves semantic classifica-
tion, and robust semantic predictions further refine spa-
tial understanding. Extensive experiments demonstrate the
superiority of DUO over existing methods across various
datasets and domain shift types. The source code is avail-
able at https://github.com/hzcar/DUQ.

1. Introduction

Monocular 3D object detection (M30D) [1, 33, 34] serves
as a fundamental perception task, enabling agents to un-

*Corresponding Author.

Score

[ H |
Snow Car Ped. Cyc. i

( (a) Overview of Monocular 3D Object Detection \

1

1 Monocular 2D Image ||;\\.@ 3D Attribute Prediction :

1 - |

! 1

! 1

| =
= ‘,," by = 2z I

| JLw

\: :::::::::::——_————_—_—_—i—_—_—_—_—_—_—_—‘l

( Score W

| 1 i1

l =» i

I | - e

1 Car Ped. Cyc. :I Source

1 Domain Domain

1

1

1

1

1

Gaussian Noise BEV Src.  Gauss.

3 (b) Semantic Uncertainty (c) Geometric Uncertainty

Figure 1. (a) Hlustration of M30D. (b, ¢) Under test-time shifts,
increased semantic and geometric uncertainties lead to a degrada-
tion of semantic perception and spatial localization capabilities.

derstand 3D scenes directly from 2D images, as shown in
Fig. 1(a). Due to its low cost and simple hardware con-
figuration, M3OD has attracted widespread attention, lead-
ing to the development of numerous detectors [7, 31, 52].
However, when facing adverse weather conditions or sen-
sor failures in real-world deployments, well-trained mod-
els often suffer severe performance degradation under data
shifts [2, 14, 49]. Therefore, it is crucial to deal with the
OOD generalization problem for M3OD.

To address the distribution shifting issue with minimal
overhead, Test-Time Adaptation (TTA) has emerged as a
critical paradigm, enabling source models to adapt to target
distributions via online updates [17, 19, 23]. The dominat-
ing strategy in this context involves minimizing prediction
entropy, thereby reducing the uncertainty of the model on
shifted data [17, 46]. Despite the promising results, exist-
ing TTA approaches largely overlook the dual uncertainty
inherent in 3D detection—semantic uncertainty (related to
class predictions) [42, 50] and geometric uncertainty (re-
lated to spatial location) [30, 39], which is a significant dif-
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ference compared to conventional 2D tasks.

To investigate these two types of uncertainty under test-
time shifts, we analyze detection outcomes for objects sub-
ject to common real-world variations. As shown in Fig. 1
(b)&(c), our empirical study reveals that both uncertainties
increase markedly with data shifts, creating compounded
error accumulation in 3D detection. Moreover, we find that
existing uncertainty optimization techniques exhibit signifi-
cant limitations: 1) Low-score object neglect. Entropy min-
imization fails to provide effective supervision for challeng-
ing objects with low detection scores, resulting in inevitable
omissions. 2) Spatial perception collapse. Direct minimiza-
tion of depth uncertainty can cause model collapse, com-
promising the perception capacity of spatial attributes.

In this work, to overcome the above limitations, we pro-
pose Dual Uncertainty Optimization (DUO), the first TTA
framework for joint semantic-geometric uncertainty mini-
mization. Specifically, through the lens of convex opti-
mization theory [3, 45], we present an Legendre—Fenche
structure of the focal loss [25] and reconstruct the semantic
uncertainty minimization as a dual optimization problem.
Building on this foundation, we apply higher-order approx-
imation analysis to derive a novel Conjugate Focal Loss.
This loss breaks the label-dependence barrier in the origi-
nal objective and introduces a dynamic weighting mecha-
nism for balanced training, effectively reducing the omis-
sions of objects with low scores. In parallel, we introduce
a normal field constraint that enforces local consistency of
surface normals in regions with high semantic confidence.
This spatial coherence clarifies geometric cues, thereby re-
ducing geometric uncertainty. Together, this dual-branch
design creates a complementary loop where semantic con-
fident regions bootstrap geometric feature learning, while
enhanced spatial perception guides semantic refinement.

We evaluate the effectiveness and generalizability of our
method through experiments on the KITTI dataset [1 1] with
13 corruption shift types, achieving state-of-the-art results
with average improvements of +2.2 AP3pr,, in the Car
category. Furthermore, we showcase its superior perfor-
mance in addressing real-world shift scenarios (daytime <
night, sunny < rainy) of nuScenes dataset [5], yielding an
average gain of +18% compared to existing methods.

Contributions: 1) To the best of our knowledge, we pi-
oneer dual uncertainty optimization in M30OD by establish-
ing the first TTA framework that jointly minimizes semantic
and geometric uncertainties, addressing a critical reliability
gap in real-world deployments. 2) Through the lens of con-
vex optimization theory, we derive a novel Conjugate Focal
Loss that enables label-agnostic uncertainty weighting and
balanced learning for low-score objects. This approach is
inherently compatible with the source phase, requiring no
additional hyperparameter tuning. 3) We introduce a nor-
mal field constraint that enforces the stability of geometric
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representation with semantic guidance, resolving ambigu-
ous spatial predictions. 4) We analyze and verify that our
dual-branch design creates a complementary loop of two
types of uncertainty optimization, resulting in significantly
improved performance over existing TTA methods.

2. Related Work

Monocular 3D Object Detection (M30D) aims to per-
ceive 3D objects from a single 2D image. Existing methods
in M30OD can be broadly categorized based on their use of
extra data sources, such as CAD models [28], dense depth
maps [8, 47], or LiDAR [18, 41]. In this paper, we focus
exclusively on approaches that utilize only monocular im-
ages, due to their computational efficiency and lower de-
ployment costs. Previous studies, such as MonoDLE [32]
and PGD [48], have identified depth estimation as a critical
bottleneck in M3OD. To address this, many works leverage
multiple geometric cues to integrate diverse depth predic-
tions. For example, MonoFlex [55] integrates depth predic-
tion by combining direct regression with multi-keypoint es-
timation; MonoGround [40] incorporates the ground plane
as prior information; and MonoCD [53] exploits the com-
plementary properties of multi-head estimation. In this pa-
per, we investigate how to enhance the detection perfor-
mance of such detectors under test-time shifts.

Test-Time Adaptation (TTA) aims to enhance model per-
formance on out-of-distribution samples during inference.
Depending on whether the source training process is modi-
fied, existing TTA methods can be mainly divided into two
groups: Test-Time Training [13, 27, 44] and Fully Test-
Time Adaptation [4, 16, 56]. In this paper, we focus on
Fully TTA, which adapts models without source data. Prior
studies have demonstrated that reducing prediction uncer-
tainty is an effective strategy for improving model general-
ization in various tasks [10, 21, 26, 51]. These works have
developed various strategies to model and optimize uncer-
tainty. For instance, SAR [37] uses entropy as a measure of
classification uncertainty along with sharpness-aware opti-
mization. DeYO [22] incorporates entropy with a disentan-
gled factor for uncertainty modeling. ReCAP [17] models
regional uncertainty, enforcing implicit data scaling for un-
certainty optimization. MonoTTA [24] optimizes positive
and negative class uncertainties separately. However, un-
like conventional 2D tasks, M3OD inherently exhibits both
semantic and geometric uncertainties, which remain largely
unexplored and lack an effective training paradigm. In this
work, we explore the joint optimization of this dual uncer-
tainty, enhancing the robustness of M30D models.

3. Preliminary

Task Definition. M30OD aims to predict the 3D and seman-
tic attributes of objects from a single RGB image. Given an
input image I € R¥*Wx3 the goal is to generate accurate
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Figure 2. Semantic uncertainty (prediction entropy) and geometric uncertainty (average depth uncertainty) of the M30OD model under
domain shifts. (a) shows variations in dual-uncertainty as the shift level increases. (b) records detection scores of predicted objects during
inference with the source model. (c¢) records scores during the entropy minimization process. (d) investigates the depth uncertainty of
different heads during the optimization with uncertainty regression loss. Experiments are conducted on the Gauss. shift type of KITTI-C.

3D bounding boxes {B;}Y ; and semantic labels {C;}¥;
for objects present in the scene, where /N denotes the num-
ber of objects. Each bounding box is typically parameter-
ized as B; = (P;, D;, O;), where P; € R3 denotes the 3D
center position, D; € R3 represents the shape dimensions,
and O; € [—m, 7] encodes the orientation. The multi-task
nature of M30D, which involves simultaneous estimation
of both geometric and semantic attributes, poses significant
challenges for achieving precise and coherent predictions.
Meta-framework. As shown in Fig. 3(a), M30D mod-
els typically employ a backbone network connected with
multiple branches to predict various properties, e.g., score
heatmaps, depth maps, efc. Since depth estimation is widely
recognized as a key bottleneck [32, 48], many approaches
employ a multi-head depth estimator to improve predic-
tion accuracy. This estimator comprises a direct regression
depth head and multiple geometric depth heads, each pro-
viding an individual depth prediction along with an asso-
ciated uncertainty value. These outputs are then fused via
an uncertainty-weighted average to produce the final depth
prediction. We utilize the average uncertainty across all
heads as our depth uncertainty metric. A detailed expla-
nation is provided in the Appendix. D.2.

TTA Setting. TTA addresses the challenge of distribution
shifts by enabling a pre-trained model to adapt to the target
distribution during inference, without the need for labeled
data. Unlike traditional training on fixed datasets, TTA op-
erates in an online manner, where the model hy with pa-
rameter set § produces detection outputs while concurrently
updating its parameters based on incoming test data:

{B:},{Ce} < ho(1y), 6 < 0 — VLo (Iy), (D

where I; denotes the incoming test data and L, denotes
the loss function used for self-training during adaptation.

4. Uncovering Dual-Uncertainty under Shifts

Since TENT [46] revealed the positive correlation between
prediction uncertainty and generalization error under distri-
bution shifts, numerous TTA methods have emerged to opti-
mize uncertainty metrics. While previous works have devel-
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oped diverse measures for conventional 2D tasks [22, 37],
the compound semantic and geometric uncertainties in 3D
perception remains critically unexplored in the TTA field.
In this work, we investigate both types of uncertainty within
the context of M3OD to understand their distinct roles.

Specifically, to quantify the variation of uncertainty un-
der distribution shifts, we track two metrics: semantic pre-
diction entropy and geometric depth uncertainty (average
uncertainty of multi-head depth estimator). As shown in
Fig. 2(a), both metrics demonstrate a consistent upward
trend as distribution shifts intensify, indicating that more se-
vere shifts lead to higher model uncertainty. Furthermore,
we analyze the independent optimization effects of two un-
certainties and make the following key observations:
Observation 1: Conventional entropy minimization exacer-
bates imbalance distribution of detection scores. Different
from classification scenarios, object detection suffers from
extreme foreground-background imbalance, which hinders
the effective optimization of hard positive objects [6, 25].
As shown in Fig. 2(b)&(c), entropy minimization yields
a marginal gain for low-score objects while significantly
boosting high-score predictions, further exacerbating the
imbalance and leading to omissions of low-score objects.
Observation 2: Minimizing depth uncertainty directly
causes the model collapse of the multi-head depth estimator.
To minimize depth uncertainty, we apply the uncertainty re-
gression loss across multiple depth heads (detailed in the
Appendix. D.2). As shown in Fig. 2(d), the regression head
which lacks any geometric constraints, exhibits a signifi-
cantly faster decline of uncertainty compared to keypoint
heads. This rapid convergence reduces the multi-head sys-
tem to a single deterministic head, undermining the model’s
ability to perform robust spatial understanding.

5. Methodology

Based on the above observations, we propose a TTA method
Dual Uncertainty Optimization (DUQ) for M30OD, which
mainly leverages two novel designs, i.e., conjugate opti-
mization framework and normal consistency constraint, to
compatibly optimize semantic and geometric uncertainties.
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Figure 3. Overview of our DUO method. (a) Meta-framework of the base models, where a backbone network connects to multi-branch
predictors for estimating various object properties. (b) Through our theoretical conjugate optimization framework, we derive a conjugate
focal loss Lcrr that can adaptively adjust training weights across all classes without the ground-truth labels, while also identifying low-
semantic-uncertainty regions for geometric constraints (Sec. 5.1). (¢) DUO employs the efficient Sobel operator to convert the depth map
to a normal field and design a normal consistency constraint Lncr. to enhance geometric consistency in selected regions (Sec. 5.2).

5.1. Semantic Uncertainty Conjugate Optimization

To address the imbalance problem, it is crucial to devote
more attention to challenging objects with high uncertainty.
A straightforward approach is to employ the focal loss [25]
which increases the weight of predictions with low prob-
ability. However, focal loss cannot assign an appropriate
weight without the ground-truth label and fails to adapt ef-
fectively in unsupervised settings. To provide a more flex-
ible weighting solution, we leverage convex optimization
theory [3, 45] (a classical analytical tool) to explore the fo-
cal loss via a Legendre—Fenchel structure. Building on this
foundation, we perform a higher-order approximation anal-
ysis to derive a novel loss that can dynamically adjust the
weighting without relying on labels, as shown in Fig. 3(b).
Legendre-Fenchel Structure. Given the source model hy
pre-trained with the focal loss, we denote h = hg(x) and its
corresponding loss function can be formulated as:

LeL(z,y) = —a(l —p)7 - ylogp, (2)

where p £ softmax(h) is the normalized probability over
the classes, x is a detected object, and y is the one-hot cod-
ing of the ground-truth label. o and  are hyperparameters
controlling the weighting of uncertain predictions. Moti-
vated by [12], we reformulate it as the following structure:

L = f(h) —y g(h), 3)
f(h) =alogs, g(h) = ah+a((1 —p)” —1)logp,

where s = et + ... + eh< is the sum over the exponential
outputs of the model and c is the number of classes. Refer
to the Appendix. A for missing proofs of this subsection.

Problem Reconstruction. Under this structure, the opti-
mization problem can be regarded as finding an optimal rep-
resentation h that minimizes the empirical loss. According
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to the Legendre—Fenchel condition [45], the existence of the
conjugate function f* is equivalent to the invertibility of the
function g. This critical condition is formally established in
our work (see Appendix. A), serving as a fundamental the-
oretical guarantee for our method. Therefore, the minimum
value of the objective can be expressed as follows:

min{f(h) =y g(h)} = min {fog™'(z) =y =} = ().

)
Building on the common assumption that the representation
h pre-trained from the large source dataset is already close

to a locally optimal solution hg [9, 35], we can convert the
problem into the following relationships:

fog lz) =y z2=Ff"(y), V.fog =y O

Conjugate Focal Loss. By applying the chain rule of gra-
dient computation and higher-order approximation, we can
obtain the following estimation:

R \VA o —1 _
I h(éihzg)\z:gw = Vug(h)™" - Vi f(h)

~ (I +~(1—logp) -pp" —~logp-diag(p)))~'p,

Yo ©)

where diag(-) denotes the diagonal matrix and I denotes
the identity matrix. This estimation y, ensures that the loss
aligns closely with the conjugate function. Ultimately, we
substitute it into Equ. 5, yielding an unsupervised approxi-
mation of the conjugate function:

LcrL(x)

—a(l—p)"(I+~(1—logp)-p'p
—vlogp - diag(p)) ' plog p.

)

In contrast to the focal loss in Equ. 2, our derived Conjugate
Focal Loss (CFL) offers a dynamic adjustment of uncer-
tainty weighting without relying on ground-truth labels and
it confers the following advantages:



Static vs. Dynamic Adjustment. The vanilla focal loss uses
a fixed weighting term for the ground-truth class to focus on
high-uncertainty predictions. In contrast, our CFL not only
incorporates (1—p)” to address the imbalance training issue
but also dynamically adjusts the weighting across all classes
based on the term (I+v(1—log p)pp " —~ log p-diag(p)) !,
which encodes inter-class prediction relationships.
Ground-Truth Independence. While focal loss requires la-
bels to compute the weight for the loss term, CFL operates
solely based on the prediction probability, eliminating the
need for labeled data during TTA.

Compatible Hyperparameters with Source Phase. Our the-
oretical analysis suggests that hyperparameters o, v should
remain consistent with their values used in focal loss during
the source training. This compatibility provides a practi-
cal advantage for TTA scenarios, eliminating the need for
extensive hyperparameter tuning. The validity of this con-
sistent setting is empirically verified in Appendix C.

5.2. Semantic-Guided Normal Field Constraint

Despite progress in uncertainty modeling, current methods
struggle to handle geometric uncertainty in TTA scenarios
due to critical limitations: 1) Model Collapse: Direct op-
timization of model-predicted uncertainty leads to the de-
generated predictor, as discussed in Sec. 4. 2) Substantial
Overhead: Geometry-aware methods typically require ad-
ditional data or offline training for uncertainty estimation,
limiting their real-time applicability [15, 39]. To overcome
these challenges, we propose an efficient normal field con-
straint derived from a single image, which enhances the ge-
ometric coherence of 3D predictions, thereby reducing the
uncertainty stemming from the unstable geometric repre-
sentation, as shown in Fig. 3(c).

Normal Field. Given a depth map D, we restore it to the
original image resolution using bilinear interpolation, al-
lowing for the alignment with the pixel grid. Then, we com-
pute the spatial gradients of the depth map using efficient
Sobel operators [20], which approximate the rate of change
in the depth values along horizontal and vertical directions:

VD, =S,*D, VD, =S, D, 8)

where S, and S, denote horizontal and vertical Sobel ker-
nels, respectively. These gradient maps capture the varia-
tion in depth across neighboring pixels. The surface normal
field, which encodes the orientation of the surface at each
pixel, is then derived from the gradients as:

. ~VD,
= —vD,|,
\/ VD24+VD2+1| 1

N(u,v)

where N (u, v) denotes the normal orientation at pixel (u, v).
Normal Consistency Loss. To quantify geometric uncer-
tainty, we employ an edge-aware Normal Consistency Loss
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(NCL), that encourages smoothness in the local surface by
penalizing inconsistencies between neighboring pixels:

%(Uav) = HQN(U” U) - N(U + 17”) - N(u - 1’U)||§a
Wy (u,v) = [|12N(u, v) = N(u,v +1) = N(u,v — 1|3,
(10)
where the smoothness terms 1 (u, v), 1, (u, v) enforce hor-

izontal and vertical consistency in the surface normal field.
The total normal consistency loss is then given by:

LneL(u,v) = (Y (u, 0)+1by (u, 0))-exp(=[[VI(u, v)|2), (1)

where the edge-aware weighting term exp(—||VI(u, v)||2)
= exp(—+/[Sz * I(u,v)[2 + [Sy * I(u, v)[?) preserves dis-
continuities at boundaries while enforcing smoothness in
homogeneous regions. NCL encourages the model to learn
a spatially consistent normal field, thereby reducing uncer-
tainty stemming from unstable 3D representations.

Semantic Guidance. To enforce geometric—semantic co-
herence, we generate masks by integrating 2D bound-
ing boxes with semantic predictions, ensuring synchro-
nized focus regions for dual-branch uncertainty optimiza-
tion. Let {B;}]—, denote detected bounding boxes with
scores {s;}7"_, and semantic uncertainties {U;}?_, derived
from the Conjugate Focal Loss (Lcpr in Equ. 7). To ensure
reliable supervision, we select boxes with low semantic un-
certainty using an exponentially moving average threshold:

. yr U,
R={ilU; <T}, U+ f- == 4

(1-8)-T, (12)
where § € [0,1] is a moving average factor (set to 0.1 in
default). We then construct the region mask as follows:

M(u,v) = max ; - Linsige (u,v | B;), (13)

where Tinige (u, v | BB;) is an indicator function that returns 1
if pixel (u,v) is inside B;, and 0 otherwise. This semantic-
guided mask ensures that only low semantic-uncertainty re-
gions contribute to the normal field constraint, enhancing
the reliability of the geometric constraint.

5.3. Overall Objective

The overall objective integrates the conjugate focal loss
with the normal consistency constraint into a unified frame-
work, simultaneously addressing semantic and geometric
uncertainties. This dual optimization enables a comple-
mentary feedback loop: low-uncertainty spatial location en-
hances the model’s ability to perform precise semantic clas-
sification, while confident semantic predictions in turn im-
prove spatial understanding. The procedure is as follows:

mﬂin EQTEI‘CCFL(I) + AE(u,U)EIM(Ih 1)) ! ﬁNCL(ua ’U), (14)
where x iterates over all detected objects and (u,v) spans

all pixels in the image I. LcpL, LncL, and M are defined in
Equ. 7, Equ. 11, and Equ. 13. A = 0.7 by default.



Table 1. Comparisons with state-of-the-art methods on the KITTI-C validation set (severity level 5) with MonoFlex as the base model. We
highlight the best and second results with bold and underline respectively.

Car Category

Noise Blur Weather Digital
Method Reference Gauss. Shot Impul. | Defoc. Glass Motion | Snow Frost Fog Brit. | Contr. Pixel Sat. Ave
MonoFlex | CVPR’21 | 0.00 0.00 0.00 | 0.00 11.02 0.00 |5.07 12.94 7.70 14.46| 0.00 2.13 5.65 | 4.54
o TENT ICLR’21 | 531 11.09 6.40 | 222 2549 2.14 |23.88 28.96 35.40 37.07|24.67 22.59 30.63|19.68
o EATA ICML22 | 544 12.12 4.67 | 275 25.66 245 |24.77 28.99 35.67 36.95|24.33 22.47 34.10|20.03
e DeYO ICLR’24 | 5778 12.52 4.52 | 3.01 26.05 298 |24.91 29.40 35.19 37.59|23.75 23.82 34.33|20.30
® MonoTTA | ECCV’24 | 593 13.34 4.05 | 3.35 28.10 3.21 |25.86 29.10 36.43 37.18|25.90 25.01 33.8920.87
o Ours This paper | 7.30 1540 9.36 4.34 30.23 6.89 29.09 29.76 38.38 37.72| 29.35 25.88 34.97 22.97

Pedestrian Category

Noise Blur Weather Digital
Method Reference Gauss. Shot Impul. | Defoc. Glass Motion | Snow Frost Fog Brit. | Contr. Pixel Sat. Ave
MonoFlex | CVPR’21 | 0.00 0.00 0.00 | 0.00 4.09 0.00 | 051 167 177 209 | 0.00 032 095 0.88
o TENT ICLR’21 | 0.71 2.07 0.86 | 1.36 12.70 081 | 6.72 833 11.89 12.79| 742 645 9.78 | 6.30
o EATA ICML22 | 098 215 0.76 | 1.44 1223 080 | 6.77 8.67 11.60 13.62| 7.53 6.47 10.33| 6.41
e DeYO ICLR’24 | 1.03 225 091 | 1.64 11.85 080 | 6.63 9.09 11.77 13.99| 7.59 6.39 10.57| 6.50
o MonoTTA | ECCV’24 | 1.77 288 034 | 1.78 1238 0.82 |7.03 9.02 1231 13.11| 7.75 7.10 11.08| 6.72
o Ours This paper| 1.89 3.08 154 1.86 13.53 1.75 7.68 9.09 12.66 13.99 | 7.81 7.27 11.27 7.19

Cyclist Category

Noise Blur Weather Digital
Method Reference Gauss. Shot Impul. | Defoc. Glass Motion | Snow Frost Fog Brit. | Contr. Pixel Sat. Ave
MonoFlex | CVPR’21 | 0.00 0.00 0.00 | 0.00 024 0.00 |2.14 233 172 441 | 0.00 0.00 0.00 | 0.83
o TENT ICLR’21 | 0.06 0.14 0.04 | 0.04 455 093 | 6.63 823 1194 15.16| 7.72 1.85 2.81 | 4.62
o EATA ICML22 | 005 0.15 0.03 | 002 466 1.10 | 6.73 7.58 13.77 1499| 7.32 2.03 2.82 | 4.71
e DeYO ICLR’24 | 0.06 0.19 0.03 | 0.03 491 1.08 | 648 691 13.94 14.67| 7.57 1.79 2.82 | 4.65
® MonoTTA | ECCV’24 | 0.05 0.12 0.01 | 0.02 4.80 125 |6.75 824 1331 1495 755 2.11 2388 |4.77
o Ours This paper| 0.11 0.22 0.07 0.10 6.00 2.00 6.89 841 1358 15.94| 7.94 213 292 5.10

Table 2. Comparisons with state-of-the-art methods on the KITTI-C validation set (severity level 5) with MonoGround as the base model.
Due to the space limit, the complete results of three categories are provided in Tab. 7 of Appendix. B.

Car Category
Noise Blur Weather Digital
Method Reference Gauss. Shot Impul. | Defoc. Glass Motion | Snow Frost Fog Brit. |Contr. Pixel Sat. Avg
MonoGround | CVPR’22 | 0.00 0.00 0.00 | 0.00 11.63 029 | 195 6.59 3.14 19.25| 0.00 4.66 3.74 | 3.94
e TENT ICLR’21 | 6.82 14.81 821 | 4.88 2838 2.65 |23.92 28.08 33.06 36.70|20.22 30.63 33.27|20.90
o EATA ICML’22 | 7.12 1526 8.81 | 509 29.08 2.52 |24.18 28.03 33.43 36.78|21.61 30.50 33.42|21.22
e DeYO ICLR24 | 735 1572 938 | 574 30.01 299 |25.03 28.55 34.32 37.31|23.41 30.99 34.16|21.92
o MonoTTA | ECCV’24 | 7.88 16.73 10.35| 597 31.19 3.06 |25.24 28.99 34.85 37.82|25.00 31.61 34.79|22.57
e Ours This paper| 9.72 18.88 12.74 7.24 33.02 5.24 28.50 30.73 37.27 39.40| 28.34 33.22 37.24 24.73

6. Experiments

6.1. Experimental Setup

For a fair comparison, we follow the identical evaluation
pipeline with prior work [24], including baseline models,
training recipes, and evaluation protocols.

Datasets. We conduct experiments on the KITTI [11] and
nuScenes [5] datasets. For KITTI, we use the KITTI-C ver-
sion, which includes 13 distinct data corruption types [14]
and five severity levels per type. Results represent the av-
erage performance across three difficulty levels, i.e. Easy,
Moderate, and Hard. Note that we also provide more results
of different severity levels of KITTI in Appendix. B.1. For
nuScenes, we adopt the front-view images and construct the
Daytime, Night, Sunny, and Rainy scenarios via their scene

descriptions following [29]. Based on these scenes, we de-
fine 4 real-world adaptation tasks, i.e., Daytime <> Night
and Sunny <+ Rainy. Following the MonoTTA, we transfer
the nuScenes dataset into the KITTI format. More details
are provided in Appendix. D.3.

Compared Methods. Based on two representative base
models MonoFlex [55] and MonoGround [40], we compare
our DUO with several state-of-the-art methods: EATA [36]
identifies reliable samples during entropy training. DeYO
[22] leverages probability variations under augmentations
as an additional cue to enhance entropy optimization.
MonoTTA [24] boosts probabilities for high-score classes
while applying negative learning to low-score classes.

Implementation Details. We implement our method and
other baselines in PyTorch [38]. We employ the Stochastic
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Table 3. Comparison with baselines on Daytime <+ Night and
Sunny <+ Rainy of nuScenes dataset, regarding AP3p|r,, -

Method ‘ MonoFlex ‘ MonoGround
|D-N N—=D Avg |[D-N N—=D Avg
Source model 1.53 2.75 2.14 6.97 1.09 4.03
e TENT 333 3.45 3.39 8.36 1.66 5.01
e DeYO 4.72 4.87 4.79 11.01 1.40 6.21
e MonoTTA 6.92 3.68 5.30 13.61 1.29 7.45
e Ours 9.05 541 7.23 15.70 191 8.81
Method | SR R—S Avg | SR R—=S Avg
Source model 6.86 10.91 8.89 8.03 7.44 7.73
e TENT 8.53 11.61 10.07 9.94 8.71 9.33
e DeYO 9.33 12.04  10.68 | 10.54 9.10 9.82
e MonoTTA 9.47 1255  11.01 10.89 8.90 9.90
e Ours 11.54 13.21 1238 | 12.88 9.54 11.21

Gradient Descent (SGD) optimizer with the same learning
rate as MonoTTA, a momentum of 0.9, and a batch size
of 16 for KITTI, 4 for nuScenes. Parameters A, o, ~ are
assigned default values of 0.7, 4, and 2, respectively.
Evaluation Protocols. We report experimental results us-
ing the Average Precision for 3D bounding boxes, denoted
as AP3p|Rr,, [43]. Results represent the mean values across
three difficulty levels, with Intersection over Union thresh-
olds set to 0.5 for Cars and 0.25 for both Ped. and Cyc.

6.2. Main Results

Evaluation on Corruption Shifts. We first compare our
DUO with previous methods on the KITTI-C dataset at
severity level 5. Due to space constraints, detailed com-
parisons with other severity levels are provided in the Ap-
pendix. B. The results, reported in Tab. | & 2, reveal sev-
eral observations: 1) Under test-time distribution shifts, pre-
trained detectors experience significant performance degra-
dation across all categories. 2) Existing TTA methods par-
tially mitigate the adverse effects of distribution shifts in
M3O0D, but their performance remains suboptimal as they
cannot address the dual uncertainty. 3) Our method con-
sistently outperforms compared approaches across all cat-
egories and base models. Notably, the proposed DUO
achieves the best or comparable performance under 13 types
of corruptions, with performance gains of +2.1 and +2.2
AP3p|r,, in the Car category for two different models.
These observations validate the crucial role of our adap-
tation framework in addressing dual uncertainty in M30D
models and enhancing robustness against distribution shifts.
Evaluation on Real-World Scenario. We further evaluate
different methods on four real-world scenarios, as shown in
Tab. 3. The experimental results yield the following obser-
vations: 1) Under real-world shifts, the pre-trained model
still suffers severe performance degradation. 2) For Sunny
<> Rainy adaptation tasks on MonoFlex, existing methods
achieve only marginal improvements, whereas our method
boosts performance by +4.7 AP3spr,,. 3) Our DUO brings
significant performance improvement on two base models,
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Table 4. Effects of components in our method. We conduct abla-
tion studies of the conjugate focal loss Lcrr, normal consistency
loss Lnct, and semantic guidance M on the KITTI-C validation
set. ”’Src.” denotes the source model without adaptation.

Ste. Lom  Lna. M ‘ MonoFlex ‘ MonoGround
‘ Car  Pedes. Cyc. Avg. ‘ Car  Pedes. Cyc. Avg.
v 4.54 0.88 0.83 2.08 3.94 .79  0.52  2.08
2098 6.60 432 10.63 | 22.89 886 251 1142
(4 1238 463 282 6.6l 15.69 640 1.91  8.00
(4 22.17 699 472 11.29 | 2429 9.27 278 12.11
4 v | 1649 623 4.87 920 | 19.68 798 294 10.20
v v [ 2297 719 510 11.75 | 2473 9.62 3.02 1246
(a) Score with Conjugate Optimization (b) Multi-head Depth Uncertaint
.2
o —s— Direct Regression
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Figure 4. Effects of components in our method. (a) shows the
distribution of detection scores during adaptation with conjugate
focal loss. (b) records the variation of depth uncertainty in differ-
ent heads during adaptation with normal field constraints.

maintaining the best performance across all four scenarios,
further demonstrating its effectiveness and superiority.

6.3. Ablation Study

In this section, without loss of generality, we conduct ab-
lation studies on Monoflex under Gaussian shift in KITTI-
C for the sake of brevity. Focusing on two pivotal com-
ponents of DUO, Conjugate Focal Loss and Normal Field
Constraint, we perform extensive experiments to analyze
their independent roles and complementary effects, gaining
insights into key factors contributing to their effectiveness.
Effectiveness of Components. We investigate the impact
of individual components by comparing the full method
with variations that omit key parts. As shown in Tab. 4,
incorporating either the conjugate focal loss or the nor-
mal field constraint significantly enhances detection perfor-
mance, yielding average gains of +-8.9 and +7.6 AP3p|r,,»
respectively. Notably, using the normal consistency loss
(LncL) alone results in unstable, marginal improvements;
its effectiveness depends on being combined with M, high-
lighting the necessity of semantic guidance for effective ge-
ometric uncertainty reduction. These findings underscore
the effectiveness of each component.

Furthermore, a comparison of score distributions in Fig.
4(a) and Fig. 2(c) shows that the conjugate focal loss con-
sistently boosts detection scores, ensuring effective training
for challenging low-score objects. Similarly, Fig. 4(b) ver-
sus Fig. 2(d) demonstrates that our normal field constraint
consistently reduces geometric uncertainty across all heads,
preventing the model collapse observed in baseline meth-



(a) Source Model

(b) Conjungate Optimization

Figure 5. Impacts of different components on dual uncertainty.
Colored lines in three-dimensional space show the cumulative av-
erage of dual uncertainty during the adaptation process. Green and
blue lines in two-dimensional planes record geometric uncertainty
and semantic uncertainty, respectively.

ods. Therefore, these innovations effectively overcome the
limitations of existing methods identified in Sec. 4, leading
to more robust and reliable detection.

Complementary Effects. As shown in Tab. 4, our com-
plete method, which integrates all components, consistently
achieves the best detection performance, demonstrating the
compatibility of different components. To further inves-
tigate the complementary effects of our dual-branch de-
sign, we visualize the dual-uncertainty optimization pro-
cess. Specifically, comparing Fig. 5(a)&(b), we observe
that applying the conjugate focal loss significantly reduces
semantic uncertainty, while interestingly, geometric uncer-
tainty also shows a modest decline. A similar phenomenon
is evident when employing the normal field constraint in
Fig. 5(c). This synchronous behavior suggests an intrin-
sic interdependence between the two types of uncertainty,
validating the potential of joint optimization.

Moreover, by combining two innovations in our DUO
framework, it achieves the fastest and most pronounced de-
crease in two uncertainties compared to individual compo-
nents, as shown in Fig. 5(d). These observations further
validate that our dual-branch architecture creates a comple-
mentary loop for dual-uncertainty optimization, effectively
harnessing their complementary effects.

Robustness and Efficiency. To validate the robustness and
efficiency of our method, we extend our analysis by exam-
ining the sensitivity of key hyper-parameters and comparing
running times in Appendix. C.
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Figure 6. Qualitative examples on KITTI-C. In each row, we pro-
vide the front view (left) and the bird’s-eye view (right) visual-
izations. Red represents the ground truth of boxes, while Green
represents the predictions. We circle some objects to highlight dif-
ferences in predictions. The first row corresponds to the source
model, the second to MonoTTA, and the third to our method.

6.4. Qualitative Results

Based on the qualitative results shown in Fig. 6, our DUO
framework produces predictions that are more precisely
aligned with the ground-truth annotations. Compared with
the latest SOTA method, DUO not only significantly im-
proves the accuracy of 3D location estimation but also re-
duces missed detections for challenging distant or small-
scale objects, which are typically prone to large geomet-
ric errors. These visualizations further confirm that our
dual uncertainty optimization effectively adapts the source
model, achieving precise and reliable 3D perception that
closely matches the ground truth.

7. Conclusion and Future Work

In this paper, we propose a synergistic dual-branch frame-
work designed to address semantic-geometric uncertainty
inherent in 3D vision systems under test-time domain
shifts. Our approach derives a novel conjugate loss to offer
an adaptive, label-free weighting mechanism for balanced
training on semantic uncertainty. Meanwhile, it incorpo-
rates a normal consistency constraint to reduce uncertainty
from inconsistent geometric representation. Our extensive
experiments demonstrate that the proposed dual-branch op-
timization creates a complementary loop, consistently im-
proving performance across diverse domain shifts. In future
work, we tend to expand our framework beyond M30D to
cover a broader range of 3D vision tasks. We hope that our
work will deepen the understanding of uncertainty-aware
model adaptation while providing transferable insights for
related fields, such as unsupervised learning.
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