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In this document, we present our LPLD algorithm in Sec. 1 and more
implementation details in Sec. 2. Also, we provide full 2D histogram visualizations
and further analysis on the performance gain and the mining process of Low-
confidence Pseudo Labels (LPL) in Sec. 3. Moreover, we present qualitative
results on various cross-domain object detection benchmarks in Sec. 4.

1 Algorithm of LPLD

To facilitate understanding, we present the pseudo-code of our proposed method,
as shown in Algorithm 1. Note that all references in Algorithm 1 are brought
from the equations presented in the main paper.

2 Implementation details

Following the SFOD setting from [12], our baseline object detector is Faster
R-CNN [8], utilizing a ResNet-50 [5] backbone pre-trained on ImageNet [2], unless
stated otherwise. Additionally, we also employ VGG-16 [10] as the backbone
network. For optimizer, we use SGD with learning rate 0.001, momentum 0.9,
weight decay 0.0001. Resizing is done for all images to have the shorter edge of 600
and longest edge of maximum 1333, with keeping its ratio. Weak augmentation
consists of resizing, while strong augmentation includes additional techniques
such as color jitter, grayscale conversion, Gaussian blur, and random erasing.
The batch size is set to 1. EMA rate in the teacher is set to 0.75, and HPL are
generated from the teacher and filtered with the confidence threshold of 0.7.

3 Additional Analysis

3.1 Full visualization of 2D histogram

We fully visualize the 2D histogram of the proposals in Fig. 1, showing all
proposals and the target-only trained model (Oracle). Unlike the source and the
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Algorithm 1: LPLD Algorithm
Require: Student backbone Fs, RPN Gs and detector Hs,
Teacher backbone F t, RPN Gt and detector Ht, Unlabeled target dataset DT ,
Source pre-trained parameter Θpre, Strong aug. Astrong(�), Weak aug. Aweak(�).

1 Initialize Θt  Θpre, Θs  Θpre.
2 for each epoch do
3 for 0 � i < NT do
4 Extract an i.i.d. sample xi from DT .
5 (xweak

i , xstrong
i ) (Aweak(xi), Astrong(xi))

6 With Teacher Model :
7 f t

i  F t(xweak
i ), Pi  Gt(f t

i ), P̄i  NMS(Pi)

8 Yield HPL Ŷi according to Eq. (2).
9 Find P̃i by applying IoU threshold according to Eq. (3).

10 Find P̃refined
i by filtering background according to Eq. (4).

11 Yield LPL Ỹi by utilizing Reweigted conf. according to Eq. (5).
12 With Student Model :
13 fs

i  Fs(xstrong
i )

14 Compute LMT according to Eq. (1).

15 ffs
i,jg

|Ỹi|
j=1, ff

t
i,jg

|Ỹi|
j=1  RoIAlign(fs

i , Ỹi), RoIAlign(f t
i , Ỹi)

16 Compute feature distance αj between fs
i,j , f

t
i,j according to Eq. (7).

17 Compute LLPLD according to Eq. (6).
18 Apply αj as an adaptive weight to LLPLD according to Eq. (8).
19 Update Θs by gradient descent with LMT and LLPLD

20 Update Θt by EMA rate with Θs

Mean-Teacher (MT) baselines, our model achieves high confidence in proposals
with an IoU > 0.5 and low confidence for the other side, similar to the Oracle
model.
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Fig. 1: 2D Histogram of Proposals on Cityscapes ! Foggy Cityscapes.
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3.2 Performance gain and number of instances for each class on
Cityscapes to Foggy Cityscapes

AP
50

 g
ai

n

Car Person Bike Rider Motor Bus Truck Train

30

20

27155

17994

3729 1807 739 489 385 1710

10

LPU
IRG Ours (ResNet-50)

Ours (VGG-16)

Fig. 2: Number of instances and AP50 gain for each category.

On Fig. 2, we report the number of instances and the AP50 gain achieved
by our method for each class compared to the source model on Cityscapes to
Foggy Cityscapes, using ResNet-50 [5] and VGG-16 [10] backbones. Since motor,
bus, truck, train have lower number of instances compared to other classes, we
refer to them as minor classes. Our method significantly increases performance
on minor classes and shows comparable gains to other methods in major classes.

3.3 Analysis on Low-confidence Pseudo Label (LPL) mining

Class Alignment in LPL Mining Process After extracting High-confidence
Pseudo Labels (HPL), our LPL mining proceeds three thresholding operations:
IoU thresholding with HPL with �IoU , background thresholding using �bg, and
confidence thresholding through �lc for choosing LPL. As depicted in Fig. 3 (a) and
Fig. 3 (c), only a few instances (14:1%) after applying IoU threshold value �IoU are
class-aligned. To address the class-misalignment issue in low-confidence proposals,
we eliminate noisy bounding boxes by applying a background probability threshold
and utilize a reweighted confidence score that excludes the background score.
This approach markedly increases the proportion of class-aligned instances from
14.1% to 80.7%. Furthermore, by filtering out boxes using a confidence threshold
in LPL mining, we achieve an additional enhancement in the ratio of correctly
class-aligned instances, elevating it from 80.7% to 90.7%.

False Negatives vs. Instance Scale In Fig. 4, we report the comparisons of the
number, size of true positive instances and false nagative instances with respect
to the Source-trained model, MT(HPL) [11], and our LPLD model. Our method
has 29968 true positives and 2822 false negatives, whereas MT has 25064 true
positives and 11491 false negatives. Although MT had fewer true positives, and
more false negatives than the source-trained model, our method exhibited even
more true positives and significantly less false negatives than the MT method.
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Fig. 3: Analysis on the impact of reweighted con�dence scores and the application of
thresholding in the LPL mining process on class alignment.

Fig. 4: Comparison of True Positives, False Negatives on (a) Source-trained model,
(b) MT(HPL) [11], (c) Ours. Height, Width represent the height and width of each
instance. For better visualization, instances with their width, height less than 400 are
displayed, as only a few instances over this size exist.

This reduction in false negatives can be seen in the bottom left corner of Fig. 4.
Note that most of the false negatives are small-sized instances. Our method
captures hard positive objects much better, such as small scale instances.

Visualization of HPL and LPL Visualization of HPL on Fig. 5 (a) and LPL
on Fig. 5 (c) shows that HPL and LPL are capturing di�erent foregrounds in
the image, with HPL capturing objects that are easier for the model to detect
compared to the objects that LPL captures. Comparison of Fig. 5 (b) and
Fig. 5 (c) shows that applying our LPL mining process, especially� bg and � lc

thresholds, is crucial for eliminating numerous non-foreground boxes following
the thresholding using � IoU .

4 Additional Qualitative Results

For a more comprehensive understanding, we provide additional qualitative
results on diverse domain shift scenarios, including Cityscapes [1] to Foggy
Cityscapes [9], Kitti [4] to Cityscapes, Sim10k [7] to Cityscapes, Pascal-VOC [3]
to Watercolor [6], and Pascal-VOC to Clipart [6], as shown in Fig. 6 to 10. On
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(a) HPL (b) LPL after applying � IoU (c) LPL after applying � bg , � lc

Fig. 5: Visualization of High-con�dence Pseudo Labels (HPL) and Low-con�dence
Pseudo Labels (LPL) in our LPL mining process in Cityscapes [1] ! Foggy Cityscapes [9]
scenario.

all domain shift scenarios, we compare our model's result with source pre-trained
model, Mean-Teacher [11], and IRG [12].

In Fig. 6, we show the detection result on Cityscapes to Foggy Cityscapes,
which is a weather change scenario. In a foggy environment, small objects and
objects occluded by either fog or other entities tend to exhibit low con�dence,
which may result in their exclusion from the training. Owing to our LPLD's
progressive exploration of these false negatives, our model successfully identi�es
these objects in contrast to alternative methods. We also show the detection
result from Kitti to Cityscapes, in Fig. 7. Similar to the previous scenario, our
model can �nd occluded objects and small objects that other methods struggle
with.

Fig. 8 shows the detection result on Sim10k to Cityscapes, which is a
simulation to real domain shift scenario. Our method is better than other methods
for detecting small or occluded objects. We conjecture that our method can
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e�ectively handle the severe texture variations caused by sim-to-real domain
shift, particularly for small or occluded objects.

Fig. 9, 10 shows the detection result from Pascal-VOC to Watercolor, Clipart.
In both domains, objects are depicted in a totally di�erent manner from their
real-world counterparts (e.g. Pascal-VOC), despite being categorized identically.
Moreover, there is substantial variability in the appearance of objects belonging
to the same category across di�erent images within the same dataset. This
variability results in numerous instances receiving low con�dence, regardless of
their size. By leveraging LPL, our model e�ectively incorporates objects with
signi�cant variance into training. Overall results demonstrate the e�ectiveness of
our method for the detection capability on various domain shifts.

(a) Source (b) MT(HPL) [11] (c) IRG [12] (d) Ours

Fig. 6: Additional qualitative results for Cityscapes [1] ! Foggy Cityscapes [9].
Bounding boxes in red refer to the prediction. Zoom in for best view.
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