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1 Experimental Details

In this section, we will introduce the experimental details for the training and
evaluation on various datasets for three tasks of object recognition, object de-
tection, and action recognition.

1.1 Object Recognition

Settings for CODaN. Following [6,8], we train our model on the well-lit test
set and evaluate it on the low-lit test set. We utilize ResNet-18 [3] as the back-
bone architecture, with images set to 224× 224 pixels, and optimize parameters
with the Adam optimizer. The training process stops after 180 epochs. The ini-
tial learning rate is set to 0.002. We apply multi-step learning rate decay at
predetermined intervals, reducing the learning rate by a factor of 0.1 at the 60th
and 120th epochs.

Settings for ExDark. According to [7], we extract 400 normal light images
per class from the COCO dataset as training data, totaling 4,800 images, and
conduct evaluations on the complete ExDark dataset. Consistent with [7], we
employ the deeper ResNet-50 [3] as the backbone, with images set to 224× 224
pixels, and optimize parameters using SGD with momentum of 0.9 and weight
decay of 1e-5. The training is continued over 50 epochs with an initial learning
rate of 0.0005, and we adopt the scheme of linear decay.
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1.2 Object Detection

For our study on low-light object detection, we utilize the ExDark dataset. To
ensure compatibility with the 12 categories of the ExDark dataset, we randomly
select 1,000 images for each category from the COCO and VOC datasets, obtain-
ing a total of 12,000 images for our normal light training dataset. The ExDark
validation set, partitioned in a manner consistent with MAET [2], serves as our
low-light test dataset. We employ YOLOv3 [10] as the backbone. Input images
are first resized to 608× 608, maintaining the original aspect ratio. We employ
SGD with a momentum of 0.937 and a weight decay of 0.0005, for network op-
timization. The initial learning rate is set to 0.01 and spans over 30 epochs. We
adopt a linear decay strategy.

1.3 Action Recognition

For action recognition, we use the normal light dataset provided in the CVPR
UG2+ 2022 challenge as our training data, which consists of 2.6k normal light
video clips from HMDB51 [5], UCF101 [11], Kinetics-600 [4], and Moments in
Time [9]. After training, we evaluate our method on the official test split of the
ARID dataset released by CVPR UG2+, which contains videos of 11 classes
under low-light conditions. In our experiments, we employ I3D-RGB [1] based
on 3D-ResNet as the backbone. We randomly extract 16 frames from each video,
with at least 2 frames’ intervals between sampled frames, and perform random
cropping of 224× 224 after scaling the videos from 0.8 to 1.25. We employ SGD
optimizer with a momentum of 0.9 and a weight decay of 0.0001, and stop the
training process after 60 epochs. The initial learning rate is set to 0.01. We
apply a fixed-interval learning rate adjustment strategy, executing learning rate
decay by a factor of 0.1 after training with the 20,000th, 40,000th, and 80,000th
samples.

2 Additional Experiments

In this section, we present more results of evaluating the impact of different
components of our framework for the other two tasks: object detection and
action recognition.

Impacts of framework components for detection. As shown in Table 1,
for object detection tasks, only using image-level alignment hampers the per-
formance. It is primarily due to the introduction of noise during the alignment
process. This noise can interfere with the target detector’s ability to extract
features from images; however, a synergistic effect is observed when combined
with feature-level domain alignment, enhancing the detector’s performance. This
is because the performance degradation caused by the noise introduced at the
image level is mitigated by the complementary nature of feature-level domain
alignment. Meanwhile, the combination of contrastive learning with masking can
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Table 1: Impacts of framework components for object detection.

two-level bi-directional
alignment

target-aware mask
representation learning mAP@0.5

image-level feature-level target-aware mask contrastive learning

× × × × 58.7√
× × × 56.8√ √

× × 60.3
√ √ √

× 60.8√ √
×

√
60.5√ √ √ √
64.2

lead to another significant improvement, which means finding the target region
and improving feature representation are equally important for detection tasks.

Impacts of framework components for action recognition. As Table 2
illustrates, both image-level and feature-level domain alignments contribute to
performance improvement for action recognition tasks. However, compared with
the other two tasks, the target-aware mask should be associated with contrastive
learning for boosting performance. This is attributed to the complex illumina-
tion changes between frames for video action recognition tasks, which pose a
significant challenge to feature extraction. With TGMM, the movement-relevant
target region can be extracted, but the robust feature representation is not so
easy to obtain when compared with object recognition tasks. However, it is still
effective to provide a more specific task-oriented view and consequently improve
the performance of feature representation learning.

Table 2: Impacts of components for action recognition.

two-level bi-directional
alignment

target-aware mask
representation learning Accuracy(%)

image-level feature-level target-aware mask contrastive learning

× × × × 47.02√
× × × 50.09√ √

× × 51.63
√ √ √

× 51.28√ √
×

√
54.43√ √ √ √
58.08

Effect of different masking strategies. We compare our target-aware
masking with random masking in Table 3. This comparison takes the bi-directional
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domain alignment results as the baseline. As observed, random region masking
yields an accuracy of 61.12%, which even decreases at about 0.52% compared
to the baseline. This is because although masking can randomly remove redun-
dant information, it comes at the cost of losing some useful features, especially
after domain alignment. In contrast, our target-aware masking strategy achieves
sufficient improvement since it strikes a balance between preserving useful infor-
mation and fostering sample diversity.

Table 3: Results of different masking strategies

Strategies Accuracy(%)

random 61.12
target-aware 64.40

3 Technical Supplement

Our TGMM is based on the Gaussian Mixture Model (GMM) framework de-
scribed in [12], but it extends it to incorporate temporal dynamics for video-
based tasks. It can be formulated as:

B(x) =

K∑
i=1

ωi,t(x) · N (It(x);µi,t(x), σi,t(x)), (1)

where B(x) represents the distribution map of TGMM, N denotes a Gaussian
distribution, and It(x) is the observed value of pixel x at time t. The “distribution
map of TGMM” refers to the combination of these Gaussian components that
collectively describe the statistical behavior of each pixel over time. The weight
ωi,t(x) indicates the relevance of the i-th Gaussian component for modeling the
pixel x at time t, µi,t(x) is the expected pixel value for component i at frame
t, and σi,t(x) is the covariance matrix, reflecting the variability or stability of
the pixel intensity. Each Gaussian component in the model represents a possible
background state (e.g., lighting conditions). A higher σi,t(x) suggests that the
pixel x is more likely influenced by motion and belongs to a dynamic, salient
object. The movement of the target entity will lead to a mismatch between the
pixel values within the corresponding region and the Gaussian distribution of the
background model. When the mismatching becomes apparent enough, we can
infer that it is caused by the target. Subsequently, the dynamic attention map
can be obtained via binary processing, where pixels significantly deviating from
the background model are marked as part of the target, while others are marked
as background. Binary processing means image binarization, where pixels are
classified as non-salient (0) or salient (1).
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4 Visualization

We also present the visualization of target recognition tasks using different strate-
gies on the night test set of CODaN, encoded by t-SNE. Figure 1 illustrates the
feature distribution when employing different strategies, including 1) directly
applying the daytime trained model to low-lit data, 2) achieving low light en-
hancement with Zero-DCE before classification, 3) employing our bidirectional
domain alignment, and 4) our entire framework. It is observed that low-light en-
hancement has a limited effect on feature extraction enhancement. In contrast,
the bi-directional domain alignment at both the image and feature levels signifi-
cantly improves the extraction effectiveness. Notably, with feature representation
learning, our framework reduces the distance between features of samples within
the same class and correspondingly leads to a better feature clustering perfor-
mance, thereby extracting more robust high-level semantic features in low-light
conditions to enhance performance.

Fig. 1: Visualizing the projection of feature distribution of low-illumination conditions of different
components. (a) Original model trained with daytime data. (b) With low light enhancement. (c)
With our domain alignment strategy. (d) With our entire framework.
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