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Abstract

In this paper, we focus on Single-Domain Generalized Ob-
ject Detection (Single-DGOD), aiming to transfer a detec-
tor trained on one source domain to multiple unknown do-
mains. Existing methods for Single-DGOD typically rely on
discrete data augmentation or static perturbation methods to
expand data diversity, thereby mitigating the lack of access
to target domain data. However, in real-world scenarios such
as changes in weather or lighting conditions, domain shifts
often occur continuously and gradually. Discrete augmenta-
tions and static perturbations fail to effectively capture the
dynamic variation of feature distributions, thereby limiting
the model’s ability to perceive fine-grained cross-domain dif-
ferences. To this end, we propose a new method, i.e., Liquid
Temporal Feature Evolution, which simulates the progressive
evolution of features from the source domain to simulated
latent distributions by incorporating temporal modeling and
liquid neural network—driven parameter adjustment. Specifi-
cally, we introduce controllable Gaussian noise injection and
multi-scale Gaussian blurring to simulate initial feature per-
turbations, followed by temporal modeling and a liquid pa-
rameter adjustment mechanism to generate adaptive modula-
tion parameters, enabling a smooth and continuous adaptation
across domains. By capturing progressive cross-domain fea-
ture evolution and dynamically regulating adaptation paths,
our method bridges the source-unknown domain distribution
gap, significantly boosting generalization and robustness to
unseen shifts. Significant performance improvements on the
Diverse Weather dataset and Real-to-Art benchmark demon-
strate the superiority of our method.

Introduction

Single-domain Generalized Object Detection (Vidit 2023;
Danish et al. 2024; Liu et al. 2024) is a challenging yet cru-
cial task in object detection, as it requires the model to adapt
to domain shifts that were not encountered during training.
The core challenges faced in Single-DGOD can be summa-
rized in two main aspects: First, the unobservability of do-
main shifts (Zhang et al. 2024) prevents models from elim-
inating the distribution differences between the source do-
main and unknown domains using traditional feature align-
ment methods (Wu et al. 2021c,a,b). Second, the diversity
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Figure 1: Liquid Temporal Feature Evolution (LTFE) for de-
tecting the unknown-domain object. The core of LTFE lies
in simulating the feature evolution trajectory from the source
domain to simulated latent distributions, capturing continu-
ous cross-domain feature evolution. As illustrated, LTFE fa-
cilitates a smooth transition of features from the source do-
main to the simulated latent distributions.

of unknown domain data distributions (Danish et al. 2024)
makes it difficult for models trained on a single source do-
main distribution to generalize to multiple unknown do-
mains with different data distributions (Wu and Deng 2023).

Existing Single-DGOD methods primarily enhance gen-
eralization to unknown domains through two approaches:
one leverages the multimodal capabilities of vision-language
models, using static textual prompts from the target domain
to estimate domain shifts or simulate target styles (Vidit
2023; Fahes et al. 2023; Li et al. 2024); the other relies
on discrete data augmentations to simulate diverse data dis-
tributions (Liu et al. 2024; Danish et al. 2024). However,
domain shifts in the real world (e.g., weather or lighting
changes) typically exhibit continuous and gradual charac-



teristics (Tang et al. 2024; Wu and Deng 2025a), such as
transitions from sunny to cloudy to rainy weather. As a
result, neither discrete data augmentations nor static tex-
tual prompts can capture the continuous evolution of cross-
domain features (Wu and Deng 2025b), limiting the model’s
ability to perceive fine-grained inter-domain differences and,
consequently, restricting generalization performance. More-
over, existing textual prompt methods depend on target do-
main textual priors (Zhang et al. 2025), which conflict with
the core assumption of Single-DGOD, further limiting their
practical applicability.

To address these challenges, we propose a novel method,
i.e., Liquid Temporal Feature Evolution, which simulates the
continuous feature evolution trajectory from the source do-
main to simulated latent distributions (top of Fig. 1) by in-
corporating temporal modeling and liquid neural network-
driven parameter adjustment. This method captures the pro-
gressive nature of cross-domain feature evolution, thereby
improving generalization to unknown domains. Our method
is motivated by two insights: 1) The continuity of domain
shifts (Wu, Chen, and Deng 2023; Ganin and Lempitsky
2015) can be modeled through progressive Gaussian pertur-
bations (Lee et al. 2019) to simulate feature evolution; 2)
The dynamic adaptation capability of liquid neural networks
(Hasani et al. 2021; Kumar et al. 2023) allows adjusting
feature evolution paths based on temporal information, fa-
cilitating smooth transition between the source domain and
simulated distributions. Specifically, we design a collabora-
tive mechanism of multi-scale Gaussian blur and noise to
generate continuously evolving features in the feature space
(bottom of Fig. 1), simulating the initial feature evolution
trajectory from the source domain to simulated distributions.
We then model temporal correlations in feature evolution us-
ing spatiotemporal memory units, capturing long-range de-
pendencies in the feature sequence. Finally, leveraging lig-
uid neural networks and dynamic evolution information, we
construct feature adjustment parameters to achieve smooth
feature evolution between the source domain and simulated
distributions, enhancing adaptability and robustness to do-
main shifts. Additionally, to avoid disrupting target features
(Wu and Deng 2025b), we constrain the feature evolution
process using intra-class consistency and inter-class sepa-
rability losses, ensuring target features are preserved during
evolution from the source domain to simulated distributions.

To evaluate the generalization capability of the proposed
method under different types of domain shifts, we con-
ducted experiments on both continuous (Diverse Weather
dataset) and discontinuous (Real-to-Art benchmark) domain
shift scenarios. Although our method is primarily designed
for continuous domain shifts, it also achieves strong perfor-
mance in discontinuous settings, demonstrating robust gen-
eralization. This can be attributed to the rich perturbation
space constructed by multi-scale Gaussian blurring and con-
trollable noise injection, as well as the dynamic adaptation
of feature evolution paths enabled by the liquid neural net-
work. These components allow the model to flexibly adapt to
both gradual and abrupt distribution shifts, exhibiting strong
robustness across diverse domain shift patterns.
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Related Work
Single-domain Generalization Object Detection

Single-domain generalized object detection (Single-DGOD)
is more challenging than multi-domain or domain-adaptive
tasks because the model must generalize to multiple unseen
target domains using only a single source domain. Although
single-domain generalization (SDG) has progressed in im-
age classification (Fan et al. 2021; Qiao, Zhao, and Peng
2020; Wang et al. 2021) and semantic segmentation (Fa-
hes et al. 2023; Jia et al. 2020; Ouyang et al. 2022), ad-
vances in object detection remain limited. Existing Single-
DGOD methods fall into two categories. Vision-language
approaches (Vidit 2023; Fahes et al. 2023) rely on style
prompts to infer domain shifts but struggle to capture con-
tinuous cross-domain feature variations and conflict with the
“unknown target domain” assumption. Static data augmen-
tation methods (e.g., (Danish et al. 2024; Wu et al. 2024))
increase sample diversity through perturbations but fail to
model deeper semantic-level domain changes. To overcome
these limitations, we propose leveraging simulated feature
evolution trajectories to better guide generalization toward
unseen target domains.

Liquid Neural Network

Liquid Neural Networks (Hasani et al. 2021) have gained
attention for their ability to dynamically adapt to changing
environments and process temporal information. Unlike tra-
ditional fixed-architecture networks, they simulate the con-
tinuous evolution of information through dynamic recurrent
connections, allowing them to handle complex, time-varying
data. Their key advantage is enhanced robustness and gen-
eralization when facing input noise, environmental changes,
and data uncertainty. While primarily applied in robotic con-
trol and time-series forecasting (Kumar et al. 2023; Hasani
et al. 2022), their use in object detection and domain gen-
eralization remains limited. In this paper, we leverage the
dynamic adaptability and generalization of Liquid Neural
Networks to dynamically adjust the evolving feature trajec-
tory, enabling a smooth and continuous transition between
the source domain and latent domain distribution.

Method

As shown in Figure 2, to address the Single-Domain Gen-
eralized Object Detection (Single-DGOD) problem, we pro-
pose a Liquid Temporal Feature Evolution (LTFE) method.
By simulating the evolutionary trajectory of feature distribu-
tions from the source domain to the simulated latent distribu-
tions, it captures the continuous variation patterns of features
across domains, thereby enhancing the model’s generaliza-
tion ability in the unknown domains. The overall training
and inference process is shown in Algorithm 1.

Progressive Temporal Feature Evolution

To simulate the progressive evolution of features from a
source domain to a latent distribution, we introduce a se-
quential perturbation mechanism that models the underlying
feature shift. We follow the baseline work and exploit the
widely used object detector, i.e., Faster R-CNN (Ren et al.
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Figure 2: Illustration of Liquid Temporal Feature Evolution. First, the first-layer feature map Fj extracted by the backbone net-
work is iteratively perturbed to generate the initial feature sequence { F}}7_,, simulating the feature transitions from the source
domain to a latent domain. Next, LSTM is employed to model the generated feature sequence, capturing the spatiotemporal de-
pendencies of feature evolution. Then, liquid parameter evolution is applied to dynamically adjust the original feature sequence,
yielding the final evolved sequence {Ft};f:l, enabling a smooth and continuous transition between the source domain and the
potential domain distributions. Finally, an alignment loss is used to further constrain the entire feature evolution process.

2015), as the basic detection model. Given an input image,
the backbone network (e.g. ResNet) extracts an initial fea-
ture map Fy € Rwxhxe where w, h, and ¢ denote the width,
height, and channel dimension, respectively. Experimental
results show that evolving features in the first layer and using
them to generate layers 2—4 leads to the best performance,
as detailed in the supplementary material.

To emulate cross-domain transition, we progressively per-
turb the features. At each time step ¢, the feature map is
transformed by applying a combination of Gaussian blurring
(Lee et al. 2019) and stochastic noise injection:

Ft = G(Ut) * Ft—l + Qg - G(O't), (1)

where oy controls the degree of blurring, oy determines the
noise intensity, and G(o;) denotes the Gaussian blur kernel
with variance o, defined as:

p <_ ) )

1
——ex
2ro?
where (4, j) represents the spatial coordinates in the kernel.
The first term progressively blurs the image to simulate vi-
sual degradation, while the second injects Gaussian noise
with exponentially decaying intensity:

7;2 + j2
207

G(O’t) = (2)

3

where o follows an exponential decay to ensure that noise
influence diminishes over time, aligning with realistic do-
main shift patterns. And A is a hyperparameter set to 0.2,
controlling the rate at which the noise intensity decays over

o = g - exp(—At),
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time. The baseline noise intensity «y is set to 0.2, while the
blurring intensity increases exponentially:

4)

where -y is a hyperparameter set to 1.2, controlling the degra-
dation rate, ensuring that features transition progressively
from a fine-grained state (o 1) to a coarser represen-
tation (o, increasing).

t
Ot =00"7,

Temporal Dependency Modeling

To capture temporal dependency patterns in feature evo-
lution trajectories, we feed the simulated feature sequence
{F;}L_, generated by temporal perturbations into an LSTM
network (Yu et al. 2019) for spatiotemporal interaction
modeling. The memory state propagation is implemented
through the following gated mechanism:

— LSTM(Fy, hy_1,¢1-1), ®)

where h; € R% and ¢; € R? denote the hidden state and cell
state at timestep ¢, respectively. The hidden state h; captures
feature abstractions at the current time step, while the cell
state ¢; maintains long-term memory. To enhance the inter-
action between original features and historical memory, we
introduce a feature-state fusion mechanism:

Ht = ReLU(Wp[ht S Ft]),

ht7 Ct

(6)

where W, € R(4+¢)xd represents a learnable projection ma-
trix, and & indicates channel-wise concatenation. The final
temporal encoding features H = {H;}7_; € RT*4 where



Algorithm 1: Liquid Temporal Feature Evolution

Input: Input image I, initial feature map Fp,
hyperparameters «, A, 7y, number of steps T’

Output: Evolved feature sequence {F}}7_,

Training Phase: while train do

Initialize Fy;

fort=1to 7T do

L o =00, ap = ag - exp(=\t);

R W N -

Fy =G(ot) * Fio1 + ar - G(0v);
Feed {F;}~_; into LSTM and obtain { H;}]_;;
fort =1toT do

| Hi =ReLU(W,[hy @ F]);
Solve ODE: W; = ODESolve( fo, Wy, Hy, t);
Adjust the feature: F, = Conv2D(Fy, Wy) + Fo;

Il;ference Phase: while eval do

® N

o

10

12 Extract feature Fy from input image I;

13 Simulate temporal feature perturbations for 1-2
steps to generate { F}}2_;;

14 Generate dynamic convolution kernel
VVteSt = ODESOIVe(fQ, WOa Htv T)’

15 Adjust feature map:
F, = Conv2D(Fy, Wees) + Fo;

16 Classify and localize using Fr

d is the hidden dimension, comprehensively capture the evo-
lution patterns from the initial state £} to the final state
Fr. This feature sequence offers spatio-temporally consis-
tent representations for generating dynamic parameters.

Liquid Parameter Evolution

To ensure a continuous and smooth transition between the
source and latent distribution, we construct a dynamic con-
volution kernel generation network based on Neural Ordi-
nary Differential Equations (Chen et al. 2018) to adjust the
evolved features, as described in the following equation:

dW (r
0 — o wie). . )
-
where fj : R? — RFXFXcnXcou jg 3 vector field function im-

plemented using a liquid neural network, H; € R? denotes
the temporal feature encoding at time step ¢, and W (7) is
the convolution kernel parameter evolving along a continu-
ous trajectory governed by virtual time 7. The kernel size is
k x k, and cjn, coy are the input and output channels.

The fourth-order Runge-Kutta (Hult 2007) method is used
to numerically solve the ODE (Chen et al. 2018), generat-
ing the time-varying convolution kernel. The process is de-
scribed as follows:

W, = ODESolve (f5, Wo, Hy, 7), ®)

where W, € RF*Fxcnxco g the initial kernel (inherited
from the pre-trained Faster R-CNN), and the integration in-
terval 7 € [0, 7] is dynamically determined by the L2 norm
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of the current temporal feature encoding H;:
[Hill2
max || Hy |2’

T = 9
which normalizes evolution time by the sequence’s maxi-
mum feature magnitude, ensuring larger temporal deviations
(higher || H¢||2) result in longer kernel evolution and im-
proved adaptation to significant domain shifts. The dynam-
ically generated kernel is then applied to the initial feature
Fy for input-conditioned adjustment:

Fy = Conv2D (Fy, W) + Fy, (10)

where the residual connection preserves original semantic
information. With a fixed k x k (k = 3) convolution ker-
nel W, and consistent channels, a dynamic feature sequence
{Ft}thl is produced, providing continuous training signals.
Though only F'r is used in inference, LSTM-based tempo-
ral modeling of intermediate features enables learning of do-
main shift dynamics, ensuring Fp reflects the full evolution
trajectory and improves generalization to unseen domains.

Temporal Feature Alignment Module

To ensure semantic consistency of target features during fea-
ture evolution and mitigate noise interference, we introduce
feature alignment using intra-class consistency and inter-
class separability losses. Specifically, the original feature F{
is fed into the RPN to generate proposals O. Then, both
F, and the final evolved feature FT, along with O, are
passed through the ROI head to extract proposal-level fea-
tures P € R™*" and P, € R™*", where m and n de-
note the number of proposals and feature dimensions. No-
tably, the intermediate feature sequence models continuous
domain shifts via progressive perturbation and temporal dy-
namics, while the alignment loss enforces consistency in tar-
get semantics throughout the evolution.

Next, we minimize the feature distance of same-class in-
stances across domain evolution using P, and P;;:

Z 1P —

At the same time, we maximize the feature differences be-
tween instances of different classes as follows:

exp(s(PY), PYY)
> iexp(s(PY, PY)))

where s(-) is the cosine similarity function. The total align-
ment loss is defined as:

»Calign = >\1»Cim.ra + )\Q»Cinter» (13)
which \; and A\, are weight balancing coefficients, with
A1 = 1.0 and Ay = 0.1 as fixed values. Then, we input the
example features P;, and 15in into the object classifier and

regressor to calculate the classification loss L5 and local-
ization loss L. The joint objective is defined as:

Liotal = Leis + Ereg + Ealign; (14)

where L, and L, are the classification and regression
losses, respectively.

BY2. (11)

1ntra -

‘Cinter = - 10g ’ (12)



Inference for Target Domain Object Detection

During inference, unlike training, the model requires only
minimal feature evolution, performing limited perturbations
to fine-tune adaptation to the real target domain and bridge
the gap between simulated training and true distributions.
Typically, two discrete iterations (I = 2) suffice for adap-
tive feature adjustment. The process begins with image fea-
ture extraction to generate the initial evolved feature se-
quence {F;}2_,, which is then refined via the Temporal
Dependency Modeling and Liquid Parameter Evolution. In
this mechanism, the Liquid Neural Network (LNN) employs
ODE-based parameter evolution to dynamically generate
convolution kernels, not as random augmentation, but as a
controlled adjustment to maintain the semantic consistency
of target features during perturbation. The final adjusted fea-
ture F} is used for classification and localization. This ap-
proach enables targeted feature evolution and dynamic adap-
tation during inference, allowing the model to align with the
target domain’s feature distribution while preserving critical
semantic information. Algorithm 1 details the training and
inference procedures.

Experiments

In the experiments, for Single-DGOD, we follow the set-
tings of the work (Wu and Deng 2022; Li et al. 2024; Liu
et al. 2024) to validate the model’s generalization capabil-
ity. Furthermore, to validate the effectiveness of our method,
we evaluated the model on the Reality-to-Art generalization
benchmark (Danish et al. 2024).

Experimental setup

Dataset. The entire experiment is conducted based on
the Diverse-Weather and Real-to-Art benchmarks. Diverse
Driving Weather Scenarios. To ensure a fair comparison,
we use the same training and testing datasets as other Single-
DGOD methods (Wu and Deng 2022; Liu et al. 2024; Dan-
ish et al. 2024). Training is conducted only on the day-
time sunny dataset, followed by direct testing on four target
domains with different weather conditions: nighttime clear,
dusk rainy, nighttime rainy, and daytime foggy. The category
space remains consistent across all datasets. Generalization
from Reality to Art. Following (Inoue et al. 2018; Danish
et al. 2024), we train on the Pascal VOC2007 and VOC2012
trainval sets (Everingham et al. 2010), and evaluate gener-
alization on Clipartlk, Watercolor2k, and Comic2k. Clipart
shares all 20 Pascal VOC classes, while Watercolor2k and
Comic2k include 6-class subsets.

Metric. We adopt the same evaluation metrics as Single-
DGOD (Wu and Deng 2022) to ensure a fair comparison
with other methods. We use Mean Average Precision (mAP)
with an IoU threshold of 0.5 to evaluate the model’s perfor-
mance across various datasets and categories.

Implementation Details

For a fair comparison with other Single-DGOD methods
(Wu and Deng 2022; Liu et al. 2024), we use the same base-
line model, Faster R-CNN (Ren et al. 2015). While prior
works report results only with ResNet-101 (He et al. 2016),

13065

\ mAP

Method Day | Night pusk Night Day
Clear | Sunny Rainy Rainy Foggy
Faster R-CNN(Res101) (Ren et al. 2015)| 48.1 | 344 260 124 32.0
SW(Res101) (Pan et al. 2019) 50.6 | 334 263 13.7 30.8
IBN-Net(Res101) (Pan et al. 2018) 49.7 | 32.1 26.1 143 29.6
IterNorm(Res101) (Huang et al. 2019) | 43.9 | 29.6 22.8 12.6 284
ISW(Res101) (Choi et al. 2021) 513|332 259 141 31.8
S-DGOD (Res101)(Wu and Den§ 2022) | 56.1 | 36.6 282 16.6 33.5
C-Gap (Res101)(Vidit 2023) 51.3| 369 323 187 385
PDOC (Res101)(Li et al. 2024) 53.6| 38.5 337 192 39.1
UFR (Res101)(Liu et al. 2024) 58.6| 40.8 332 192 39.6
DIV (Res101) (Danish et al. 2024) 528 | 425 38.1 241 372
G-NAS (Res101) (Wu et al. 2024) 584|450 351 174 364
SECOT (Res101) (Zhang et al. 2025) | 554 | 42.0 392 245 40.6
FWCL (Res101) (Guo et al. 2025) 555|375 326 189 323
Ours(Res50 509 | 31.2 294 167 354
OursERele ; 58.4 | 43.1 39.7 243 412
Ours(Swin-T 64.2 | 531 46,5 334 464

Table 1: Single-Domain Generalization Results (mAP(%))
in Diverse Weather Driving Scenarios.

we provide a more comprehensive evaluation using ResNet-
50, ResNet-101, and Swin Transformer (Liu et al. 2021).
The model achieves optimal performance during training
when T' = 8 in the Progressive Temporal Feature Evolution
process. In Equation (1), a9 and o are initialized to 0.2 and
1, respectively. For inference, 7T is set to 2 to preserve target
domain information. Training is conducted with SGD (mo-
mentum = 0.9) for 20 epochs, starting with a learning rate of
0.02. All experiments run on two NVIDIA RTX 3090 GPUs
(24GB) with images resized to 800x800 pixels.

Comparison with the State of the Art

Diverse Driving Weather Scenarios. We compare our
method with state-of-the-art Single-DGOD methods (Liu
et al. 2024; Wu et al. 2024), as shown in Table 1. Under
scenarios with continuous domain bias, our method achieves
superior performance across all four target domains. Figure
3 presents detection results under four weather conditions,
demonstrating that our model maintains strong performance
even in challenging scenarios such as rainy nights.

mAP

Method VOC|Comic Watercolor Clipart
Faster R-CNN(Res101)(Ren et al. 2015)| 80.4 | 19.4 45.6 26.5
NP(Res101)(Fan et al. 2023) 79.2 289 533 354
C-Gap(Res101)(Vidit 2023) 80.5| 29.4 50.7 36.7
DIV(Res101)(Danish et al. 2024) 80.1| 33.2 57.4 38.9
SECOT(Res101)(Zhang et al. 2025) |82.9| 34.8 57.5 40.2
Ours(Res50) 80.2| 27.4 54.1 35.6
Ours(Res101) 84.6| 354 58.2 42.1
Ours(Swin-T) 88.2 | 37.3 61.3 4.5

Table 2: Single-Domain Generalization Results (mAP(%))
from Real to Artistic. Bold values indicate the best results.

Generalization from Reality to Art. We evaluate the
generalization ability of our method across real and artis-
tic domains, a representative case of non-continuous domain
bias with large distribution gaps. As shown in Table 2, using
the same ResNet-101 backbone, our model consistently out-
performs others on three artistic-style datasets. For instance,
compared to the SECOT(Zhang et al. 2025), it achieves a
4.7% improvement on the Cliparts dataset.

Comparison with Continual Test-Time Adaptation
Methods. Since we introduced parameter adjustment during
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Figure 3: Qualitative Results: Detection results under different weather conditions. The first and second rows display the results
from G-NAS (Wu et al. 2024) and our method, respectively. To provide a more intuitive comparison, we highlight the objects
missed or incorrectly detected by G-NAS (Wu et al. 2024) using red boxes, which are correctly identified by our method.

Method | mAP Method Source Target
ctho Night Sunny Dusk Rainy Night Rainy Day Foggy PTFE TDM+LPE TFAM |Day Clear | Night Sunny Dusk Rainy Night Rainy
Baseline 354 27.5 13.7 32.6 49.2 354 27.5 13.7
MemCLR (VS et al. 2023) 335 32.7 16.4 36.7 v 54.6 36.8 203 14.1
SKIP (Yoo et al. 2024) 32.6 34.1 17.3 32.9 v 57.3 42.6 39.4 22.7
ECPG (Li et al. 2025) 35.3 35.7 18.2 33.7 v v 56.8 40.2 34.1 19.7
Direct-Test 04 37.9 236 389 v v v 58.4 43.1 39.7 24.3
Ours 43.1 39.7 24.3 41.2

Table 3: Continual test-time adaptive object detection results
(%) on the Diverse-Weather dataset using the ResNet-101.

feature evolution to control the trajectory from the source
domain to the target domain, we can adapt to the target do-
main distribution by fine-tuning parameters during the test
phase. Therefore, we compared our method with the latest
continual test-time adaptation methods (Yoo et al. 2024; Li
et al. 2025), as shown in Table 3. Our method outperforms
test-time adaptation across all four target domains, notably
improving night-sunny from 35.3% to 43.1% with ECPG,
and demonstrates that training-time feature evolution en-
hances target-domain adaptation and generalization.

Model mAP (%) Params (M) FPS FLOPs (G)
Faster R-CNN (Ren et al. 2015) 26.2 90.8 4.7 267
S-DGOD (Wu and Deng 2022) 28.7 1204 39 284
C-Gap (Vidit 2023) 31.6 190.2 2.5 423
PDOC (Li et al. 2024) 32.6 198.6 2.2 478
UFR (Liu et al. 2024) 33.2 184.2 6.9 323
Ours(Res101) 37.1 140.6 6.4 325

Table 4: Model Comparison in Terms of mAP, Parameters,
FPS, and FLOPs.

Computational Efficiency and Time Complexity Anal-
ysis. We compare the time complexity and computational ef-
ficiency of existing methods in Table 4. As can be seen, com-
pared to other single-domain generalization methods, such
as C-CAP(Vidit 2023) and PDOC(Li et al. 2024), our ap-
proach achieves superior performance with lower computa-
tional cost and reduced latency, demonstrating its efficiency
and deployability.
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Table 5: Ablation analysis of our proposed model.

Ablation Study

Component Analysis. To validate the effectiveness of each
component, we conducted ablation studies on Progressive
Temporal Feature Evolution (PTFE), the combined Tem-
poral Dependency Modeling (TDM) and Liquid Parameter
Evolution (LPE) module, and Temporal Feature Alignment
Module (TFAM). Since LPE relies on temporal information
for dynamic adjustment, it is evaluated jointly with TDM.
Results are shown in Table 5, with the first row representing
the Faster R-CNN baseline. The second row adds PTFE to
simulate the initial feature evolution without dynamic opti-
mization. The third row further incorporates TDM and LPE,
effectively capturing cross-domain variations and increas-
ing data diversity during training, leading to significant per-
formance gains over the second row. The fourth row adds
TFAM to PTFE to reduce target information loss during evo-
Iution. The final row shows the full model, where dynamic
control of the feature evolution trajectory better approxi-
mates the distribution shift from source to potential target
domains, significantly enhancing generalization.

The Impact of Time Step 7' in the Evolution of Pro-
gressive Temporal Feature Evolution. The time step 7' is a
key hyperparameter in Progressive Temporal Feature Evolu-
tion (PTFE), determining both the length and granularity of
the feature evolution process. A larger T' during training ex-
tends the evolution trajectory, enabling a more thorough sim-
ulation of domain shifts and improving cross-domain adapt-
ability. As shown in Figure 5, increasing 7" steadily boosts
mAP(%) on the ‘Day Foggy’ and ‘Dusk Rainy’ domains,
converging around 7' = 8. However, during inference, an
overly large 7" may distort semantic content and accumu-
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Figure 5: Analysis of the time step 7" in the Progressive Tem-
poral Feature Evolution.

late noise, reducing accuracy. As illustrated in Figure 5, the
best inference performance is achieved when 1" = 2.

t-SNE Visualization of Liquid Temporal Feature Evo-
lution. To validate the effectiveness of the progressively
shifted feature evolution in our proposed Liquid Temporal
Feature Evolution (LTFE), we conducted t-SNE visualiza-
tion on the generated evolving feature sequence, as shown
in Fig. 6. By mapping features from different time steps into
a two-dimensional space, we can visually observe the evo-
Iution of features between the source and target domains.
The visualization results show that as the time steps increase,
features from the source domain progressively shift toward
those of the target domain. This confirms that our method
effectively simulates the data distribution of the potential
target domain through gradual perturbations, validating the
effectiveness of the proposed LTFE.

Visualization Analysis

In Figure 4, we present channel activation and heatmap vi-
sualizations to compare the initial feature Fy with the fi-
nal evolved feature F7r during the testing phase. The results

show that the final evolved feature Frr exhibits stronger ac-
tivation values across multiple channels, indicating that the
model captures key features of the target domain more ef-
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Figure 6: t-SNE Visualization Analysis of Liquid Temporal
Feature Evolution.

fectively during feature evolution. This enhanced activation
highlights the model’s attention to crucial information in
the target domain, particularly in complex backgrounds or
across different object categories. Furthermore, heatmap vi-

sualization shows that the final evolved feature FT focuses
more on foreground objects, indicating improved localiza-
tion and recognition in detection tasks. These results confirm
that simulating latent distribution shifts progressively refines
features and improves generalization to unseen domains.

Conclusion

In the Single-DGOD task, we propose a novel method,
Liquid Temporal Feature Evolution, which enhances the
model’s generalization capability in potential target do-
mains by simulating the feature evolution trajectory from
the source domain to unseen target domains. Our method
combines Progressive Temporal Feature Evolution, Tempo-
ral Dependency Modeling, and Liquid Parameter Evolution
to smoothly transition from the source domain to latent dis-
tributions, while intra-class consistency and inter-class sep-
arability losses preserve feature integrity during evolution.
Significant gains on the Diverse Weather dataset and Real-
to-Art benchmark confirm its effectiveness.
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