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Abstract

The success of data mixing augmentations in image classi-
fication tasks has been well-received. However, these tech-
niques cannot be readily applied to object detection due to
challenges such as spatial misalignment, foreground/back-
ground distinction, and plurality of instances. To tackle these
issues, we first introduce a novel conceptual framework called
Supervision Interpolation (SI), which offers a fresh perspec-
tive on interpolation-based augmentations by relaxing and
generalizing Mixup. Based on SI, we propose LossMix, a
simple yet versatile and effective regularization that enhances
the performance and robustness of object detectors and more.
Our key insight is that we can effectively regularize the train-
ing on mixed data by interpolating their loss errors instead of
ground truth labels. Empirical results on the PASCAL VOC
and MS COCO datasets demonstrate that LossMix can con-
sistently outperform state-of-the-art methods widely adopted
for detection. Furthermore, by jointly leveraging LossMix
with unsupervised domain adaptation, we successfully im-
prove existing approaches and set a new state of the art for
cross-domain object detection.

Introduction

Over the past decade, object detection has made remarkable
progress, with impressive scores on challenging benchmarks
such as MS COCO (Lin et al. 2014). However, state-of-
the-art detectors still suffer from poor generalization abil-
ities and struggle with data outside their training distribu-
tion, especially under domain shifts (Li et al. 2020; Oza
et al. 2021). Recently, data mixing techniques, pioneered by
Mixup (Zhang et al. 2018b), have emerged as an effective
augmentation and regularization method for improving ac-
curacy and robustness in deep neural networks. These tech-
niques (Zhang et al. 2018b; Yun et al. 2019; Verma et al.
2019; Kim, Choo, and Song 2020; Dabouei et al. 2021;
Hong, Choi, and Kim 2021) use a linear interpolation of
both images and their labels to generate synthetic training
data. The “mixing” process encourages the model to behave
linearly between training examples, which can potentially
reduce undesired oscillations for out-of-distribution predic-
tions. Since its introduction in 2018, Mixup has garnered
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Figure 1: Compared to label-mixing (e.g., Mixup, CutMix),
the proposed LossMix deploys interpolated losses instead of
interpolated ground truths as the mixed supervision signals.
This significantly simplifies the challenges involved in ap-
plying data mixing to higher-level tasks such as detection.

increasing attention and has been widely adopted for im-
age classification problems (Zhang et al. 2018b; Yun et al.
2019; Verma et al. 2019; Xu et al. 2019; Kim, Choo, and
Song 2020; Wu, Inkpen, and El-Roby 2020; Dabouei et al.
2021; Hong, Choi, and Kim 2021; Na et al. 2021; Liu et al.
2022a,b; Pinto et al. 2022; Liu et al. 2023). This motivates us
to investigate Mixup-like augmentation for object detection.

Unfortunately, Mixup cannot be applied to object detec-
tion task off the shelf. On one hand, the mixing of the cat-
egory label of object instances is non-trivial (Fig. 2) due to
issues such as spatial misalignment, foreground/background
distinctions, and the plurality of instances. In contrast to
classification, where images share the same shape and each
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Figure 2: Challenges of applying Mixup to object detection.
Left: Semantically incorrect interpolation of bounding box
coordinates. Right: Complication of mixed category labels.

only has one class label, object detectors need to handle im-
ages and objects of different aspect ratios and positions. This
makes it impossible to guarantee the alignment of mixed ob-
jects and creates much more complexity for the interpola-
tion of class labels. Fig. 2 (left) provides a visualization of
these challenges. In addition, ground truth object detection
annotations are composed of bounding box coordinates that
cannot be naively interpolated without disturbing the local-
ization ground truth (Fig. 2, right).

The current state-of-the-art approach (Zhang et al. 2019;
Jocher 2020; Ge et al. 2021; Zhou et al. 2021; Wang et al.
2021; Zhang et al. 2022; Gao et al. 2022; Zheng et al. 2022;
Yu et al. 2023; Zhang et al. 2023; Jocher, Chaurasia, and Qiu
2023) works around this by taking an unweighted, uniform
union of all bounding boxes as new ground truth for the aug-
mented image. Although this strategy has shown some suc-
cess, there are several limitations. First, the approach does
not follow the input-target dual interpolation principle that
fuels the success of Mixup in classification, as it considers
all component bounding boxes equally regardless of the ac-
tual mixing ratio A. Second, when small mixing coefficients
are used, e.g. A < 0.1, the Union strategy can produce noisy
mixed object labels (Fig. 3), potentially leading to sensitivity
to noise and hallucinations in the model. These approaches
expect the models to be able to predict all object instances
with equal likelihood, regardless of their visibility. Finally,
most of the previous studies have focused on using data mix-
ing for semi-supervised (Zhou et al. 2021; Zheng et al. 2022)
or few-shot learning (Gao et al. 2022), rather than general
object detection, aside from (Zhang et al. 2019). More ef-
forts exploring data mixing for general object detection are
still needed to address these limitations.

To address these problems, we introduce two novel ideas:
Supervision Interpolation (SI) and LossMix. SI generalizes
Mixup’s input-target formulation by relaxing the require-
ment to explicitly interpolate the labels. Instead, we hypoth-
esize that it is possible to interpolate other forms of target
supervision besides explicitly augmenting the ground truth.
Based on this, we then propose LossMix, a simple but ef-
fective and versatile regularization that enables data mix-
ing augmentation to strengthen object detection models and
more. Our key insight is that we can effectively interpo-
late the losses, instead of the ground truth labels, accord-
ing to the input’s interpolation. Intuitively, from a data mix-
ing perspective, LossMix interpolates the gradient signals
that guide the models’ learning, instead of explicitly aug-
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Figure 3: The state-of-the-art Union strategy is problematic
because all ground truth bounding boxes are treated equally
regardless of the mixing ratio.

menting the supervision labels like prior approaches (Zhang
et al. 2018b; Yun et al. 2019). From an object detection
perspective, LossMix weights the penalty for each predic-
tion based on their augmented visibility. For example, Loss-
Mix would scale down the penalty for a failure to detect the
plane with A = 0.1 in Fig. 3 (right) since it has low visibil-
ity, while Union would treat both the plane and the person
(A = 0.9) equally. LossMix is flexible and can implicitly
handle the mixing of sub-tasks (both classification and lo-
calization), while remaining true to the input-target dual in-
terpolation principle that powered the success of the original
Mixup (Zhang et al. 2018b). In short, our contributions are:

* We introduce Supervision Interpolation (SI), a concep-
tual reinterpretation and generalization of Mixup (Zhang
et al. 2018b)-like input-label interpolation formulation.

* Based on SI, we propose LossMix, a simple but effec-
tive and versatile regularization that enables direct data
mixing augmentation for object detection.

* We demonstrate that LossMix consistently outperforms
state-of-the-art mixing methods for object detection on
PASCAL VOC (2010) and MS COCO (2014) datasets.

* We leverage LossMix to enhance the recent Adaptive
Teacher (Li et al. 2022b) framework and achieve a new
state of the art for unsupervised domain adaptation.

Related Work

Data Mixing Augmentations The original Mixup (Zhang
et al. 2018b) was designed for image classification tasks,
proposing to use a convex combination of data and labels
to expand the space of augmented training examples. Mixup,
CutMix (Yun et al. 2019), and follow-up works (Verma et al.
2019; Xu et al. 2019; Kim, Choo, and Song 2020; Wu,
Inkpen, and El-Roby 2020; Dabouei et al. 2021; Hong, Choi,
and Kim 2021; Na et al. 2021; Chang, Tran, and Koishida
2021; Liu et al. 2022a,b; Pinto et al. 2022; Venkataramanan
et al. 2022; Li et al. 2022a; Liu et al. 2023) have demon-
strated the benefits of this interpolation-based augmenta-
tion for improving models’ memorization and sensitivity to
appearance changes. Since then, many works have utilized
Mixup for image classification problems (Xu et al. 2019;
Wu, Inkpen, and El-Roby 2020; Na et al. 2021). However,
due to the challenges discussed above, only a few stud-
ies (Zhang et al. 2019; Jocher, Chaurasia, and Qiu 2023)
have explored the use of Mixup for general object detection.
Others tend to focus on settings with limited labeled data,
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such as semi-supervised learning (Zhou et al. 2021; Zheng
et al. 2022), few-shot learning (Gao et al. 2022), domain
adaptation (Wang, Liao, and Shao 2021; Gao et al. 2022),
or specific applications (Zhang et al. 2023; Yu et al. 2023).

Cross-Domain Object Detection There are two main ap-
proaches for object detection: one-stage object detectors that
attempt to perform localization and classification simultane-
ously (Liu et al. 2016; Redmon et al. 2016), and two-stage
object detectors that first generate object proposals and then
perform classification and bounding box refinement in the
second stage (Ren et al. 2015). Domain Adaptation based
approaches aims to build a robust detectors that can gener-
alize well to a target domain with limited or no labeled data.
These methods can either explicitly align the feature distri-
butions using a specific distance metric (Long et al. 2015,
2016; Sun, Feng, and Saenko 2016), or implicitly align the
distributions using an adversarial loss (Ganin et al. 2016;
Hoffman et al. 2018; Long et al. 2018) or GAN (Murez et al.
2018; Lee, Cho, and Im 2021). While most current works in
domain adaptation focus on image classification (Abramoyv,
Bayer, and Heller 2020; Lv et al. 2021; Ma et al. 2021; Meng
et al. 2021; Berthelot et al. 2022; Harary et al. 2022; Hoyer,
Dai, and Van Gool 2022; Liang et al. 2022; Liu, Durasov,
and Fua 2022; Liu, Yang, and Hall 2022; Rangwani et al.
2022; Sun et al. 2022), a few have delved into object detec-
tion (Gu et al. 2019; Hsu et al. 2020; Deng et al. 2021; Mu-
nir et al. 2021; Ramamonjison et al. 2021; Li et al. 2022b).
Data mixing is appealing in the context of UDA because of
the opportunity to strategically blend cross-domain informa-
tion during training. To our best knowledge, the topic of data
mixing for cross-domain object detection remains largely
understudied (Wang, Liao, and Shao 2021). In this work, we
explore the application of LossMix to UDA.

Methodology

What does Mixup do? Mixup (Zhang et al. 2018Db) trains
models with virtual examples constructed by convex combi-
nations of pairs of examples and their associated labels:

i= Az + (1 - Nz (1

7=y + (1 =Ny, 2)

where (z;,y;) and (z;,y;) denote randomly sampled pairs
of image and ground truth label and A € [0, 1] denotes the
interpolation coefficient. Training with Mixup-augmented
data entails minimizing the empirical vicinal risk:

1 -
Ru(f) = — ; £(f(2),9) 3)
The idea is to regularize the learning using a prior knowl-
edge that linear interpolations of the input features (input
mixing) should yield linear interpolations of the correspond-
ing output (label mixing). Such linear behavior in-between
training examples can potentially mitigate undesired oscilla-
tions when predicting outside the training distribution.

Limitation of Label Mixing As discussed in the Sec. and
illustrated in Fig. 2, despite working well for classification,
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the problem quickly arise when considering Mixup for other
higher-level tasks like object detection. This is precisely be-
cause Eq. 2 imposes a hard constraint for the augmented la-
bels g to be an explicit linear combination of the real labels
y; and y;. In object detection, for every x;, the label y; con-
tains a set of object annotations, each has their own class and
bounding box coordinates: y; = {(¢;1,bi1), (Ci2, bi2), - ..}
with (¢, bir) denoting an object instance with class label
¢;r. and box coordinates b;;. This results in an ill-defined
y and makes label mixing exponentially more complicated.
Existing work (Zhang et al. 2019; Wang et al. 2021; Zhou
et al. 2021; Zheng et al. 2022; Gao et al. 2022; Zhang et al.
2022) chose to take an unweighted union of y; and y;, yield-
ing § = {(ci1,bi1), (ci2, bia), - -, (¢j1,b51), (¢ja, bja), - .}
Although this heuristic may offer some improvement in
practice, it does not faithfully interpolate labels since ¥ is
independent of A and may lead to sub-optimal results. For
example, small A\ could be problematic since some objects
become barely visible (Fig. 3), creating noisy labels.

Supervision Interpolation

We identify that the root cause of the aforementioned is-
sues for both Mixup and unweighted union strategy is the
label mixing requirement defined in Eq. 2. Despite work-
ing well for simple classification tasks, this policy clearly
creates much complications for higher-level tasks such as
object detection. To address this, we propose Supervision
Interpolation (SI), a conceptual reinterpretation and general-
ization of Mixup’s input-label interpolation formulation. In
SI, we train models using a dual of interpolated data = and
proportionally interpolated supervision signals. Formally, SI
trains models using convex combinations of examples and
correspondingly augmented supervision signals:

T=xx; +(1—-Nz; 4)

S=\S; +(1-)\)S; (5)

where x denotes the training input, e.g., images, .S denotes
the supervision signal, and A € [0, 1] denotes the mixing
coefficient. Intuitively, SI regulates the training by interpo-
lating the supervision or gradient signals guiding the model,
depending on the interpolated inputs. For example, Mixup-
based augmentations (Zhang et al. 2018b; Yun et al. 2019;
Dabouei et al. 2021; Hong, Choi, and Kim 2021; Liu et al.
2022b) and ICT (Jeong et al. 2021; Verma et al. 2022) in
semi-supervised learning can be seen as a special case of SI
where the supervision signals are the ground truth classifi-
cation labels. Based on such a flexible SI framework, next
we will introduce, LossMix, a versatile method that enables
data mixing and helps strengthen object detectors.

LossMix

Given the conceptual framework of Supervision Interpola-
tion (SI), we then introduce LossMix, an equally simple but
more versatile, task-agnostic sibling of Mixup that interpo-
lates the loss errors instead of target labels. Specifically, the
LossMix-augmented data:
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g =1{(ys N, (yj; (1= A)} ©)
are coupled with an augmented loss function:
L(f(2),5) = AL(f(@),90) + (L= NL(f(@).y;)  (®)

From a SI perspective, our supervision signal is the loss er-
rors weighted relative to y; and y;, instead of an explicit
interpolation of y; and y;. From the Mixup perspective, we
have relaxed the constraint in Eq. 2 and only characterise
the virtual target 7 using weighted y; and y; without explic-
itly constraint the form of y. Note that as A — 0.0 or 1.0,
LossMix optimization will approach the standard empirical
risk minimization. We would like to highlight that LossMix
is not only simple and effective, but also highly versatile:

Simple-yet-effective The idea of loss mixing is
straightforward and intuitive, both conceptually and
implementation-wise, allowing easy adaptation to exist-
ing frameworks. Nonetheless, by design, LossMix helps
circumvent the semantic collapse of bounding box interpola-
tion (Fig. 2) and approximation issues of unweighted union
approach (Fig. 3). Moreover, our experiments demonstrate
the effectiveness and robustness of LossMix despite the
simplicity in the design, successfully yielding improvement
across two standard object detection datasets: PASCAL
VOC (Everingham et al. 2010) and MS COCO (Lin et al.
2014). Finally, by applying LossMix to domain adapta-
tion, we can further enhance state-of-the-art methods in
cross-domain object detection (Li et al. 2022b).

Generalizability LossMix leverages a versatile loss
weighting formulation that is potentially applicable to dif-
ferent tasks (i.e., classification, detection, etc.) as well as
different input mixing strategies (i.e., Mixup (Zhang et al.
2018b), CutMix (Zhang et al. 2018b), etc.). LossMix is loss-
agnostic, which simplifies its application in object detection
and can inspire more applications beyond cross- entropy loss
based classification, e.g. regression tasks like localization or
depth estimation. The core idea of LossMix lies in the mix-
ing of target loss signal y and does not limit the input mixing.
This opens the door for different strategies, including pixel-
based (Zhang et al. 2018b), region-based (Yun et al. 2019),
style-based (Hong, Choi, and Kim 2021) and more.

LossMix in Action

Classification & Segmentation For standard classifica-
tion and segmentation with Cross-Entropy loss, we can show
that LossMix optimization is equivalent to that of Mixup:

Zlossmil‘ (f('i)a glossmiw) (9)
= )\‘Cce(f(i‘)’yz) + (1 - )‘)‘cce(f(i‘)vyj) (10)
= —Ayilog f(Z) — (1 — A)y; log f(2) (11)
= —(Ay; + (1 = N)y;) log f(2) (12)
= Lee(f(Z), Ayi + (1 = Ny;) (13)
= Lomizup(f (%), Gmizup) (14)

This means LossMix enjoys the same advantages as Mixup
when applied to CE-based classification and segmentation
problems (Zhang et al. 2018b; Yun et al. 2019; Xu et al.
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2019; Verma et al. 2019; Wu, Inkpen, and El-Roby 2020;
Kim, Choo, and Song 2020; Hong, Choi, and Kim 2021;
Dabouei et al. 2021; Na et al. 2021; Pinto et al. 2022; Liu
et al. 2022a,b; Li et al. 2022a; Liu et al. 2023). It is worth
noting that loss-mixing formulation for Mixup by itself is
not new (Zhang et al. 2018a; Liu et al. 2022b). What sets
LossMix apart is its use of the Supervision Interpolation
concept to replace label mixing with loss mixing at a funda-
mental level. This significantly enhances its generalizability,
making CE-based classification a special case rather than the
only option. Since the benefits of LossMix/Mixup for clas-
sification are well studied, we focus on exploring LossMix
for object detection and domain adaptation.

Object Detection Since LossMix makes no assumption
about the loss functions £ in Eq. 8, we can easily apply it to
object detection by interpolating both the classification loss
and box regression loss. For example, for Faster RCNN (Ren
etal. 2015), L takes the form of the standard supervised loss
for two-stage detectors:

Laet(f(x),y) = L7 (f(x),y) + L7 (f(2),y)
= Lo (f(@),y) + L7285 (f(2), )
+ Lo (f(x),y) + L72g(f(x),y)

Here, £™P" denotes the loss of Region Proposal Network
(RPN) which generates candidate proposals, while £7°% de-
notes the loss for Region of Interest (ROI) branch. Both
branches perform bounding box regression and classifica-
tion tasks, specifically binary classification for RPN (object
or not) and multi-class classification for ROI (Ren et al.
2015). Given a mixing coefficient A, we can directly re-
weight all sub-task losses as follows (omitting f for brevity):

Laet(%,7) = Maet (F,9:) + (1 — N Laet(F,y;)  (16)

Domain Adaptation We apply LossMix alongside the re-
cent Adaptive Teacher (Li et al. 2022b) (AT), a two-stage
self-distillation method for cross-domain object detection.
During the Warmup phase, we initialize both Teacher and
Student models, who weights are shared, using standard ob-
ject detection training with labeled source-domain data. We
leverage LossMix to mix intra-source domain data to en-
courage better (non-directional) generalization and improve
robustness on unseen data. However, initializing with pure
source domain data risks biasing the Teacher model towards
such a distribution (Deng et al. 2021), potentially yielding
low-quality pseudo labels. Thus, we use unlabeled target im-
ages to mitigate this, specifically by mixing a small amount
(e.g. A < 0.1) of them into the labeled source images.
During the Adaptation phase, both models are jointly
trained using the same cross-domain distillation (Li et al.
2022b; Deng et al. 2021). Thanks to the pseudo labels gen-
erated by the Teacher, we can perform intra-domain mixing
with both labeled source (source-source) and pseudo-labeled
target data (target-target). Moreover, we also deploy a bal-
anced version of the inter-domain mixing used during the
warmup phase. The reasons are twofold. First of all, with
the presence of target pseudo labels, we now have the option
to perform inter-domain mixing in the same manner as we

5)
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do for intra-domain labeled source mixing, which is some-
thing not feasible during the warmup phase. Secondly, the
reason we do not want to continue using noise mixing is
because it would become merely additional source domain
data (the mixed-in unlabeled target image is only noise) and
can potentially bias the model towards source distribution.
Compare to this, the pseudo labels are much stronger signal
that will push the model to learn target features.

Experiments: Object Detection
Experimental Settings

Datasets We conduct experiments on two standard bench-
mark datasets in object detection, namely PASCAL
VOC (Everingham et al. 2010) and MS COCO (Lin et al.
2014). We follow (Zhang et al. 2019) and use the combina-
tion of PASCAL VOC 2007 trainval (5k images) and 2012
trainval (12k images) for training. Together they make up
16,551 images of 20 categories of common, real-world ob-
jects, each with fully annotated bounding boxes and class
labels. The evaluation is done on PASCAL VOC 2007 test
set (5K images). MS COCO (Lin et al. 2014) is composed
of 80 object categories and is 10 times larger than PASCAL
VOC. We train on train2017 (118K images) and evaluated
on val2017 (5K images).

Baseline models We use three main baseline models to
evaluate the performance of our proposed LossMix. The first
one is a baseline, bare bone model without any Mixup-like
data augmentation. Second, we compare LossMix against
Union mixing, the current state-of-the-art approach widely
used by prior studies (Zhang et al. 2019; Jocher 2020; Ge
et al. 2021; Zhou et al. 2021; Wang et al. 2021; Zhang et al.
2022; Gao et al. 2022; Zheng et al. 2022; Yu et al. 2023;
Zhang et al. 2023; Jocher, Chaurasia, and Qiu 2023) works
around this by taking an unweighted, uniform union of all
bounding boxes as new ground truth for the augmented im-
age. Finally, we also compare with the “Noise” mixing strat-
egy used by (Wang, Liao, and Shao 2021) for unsuperivsed
domain adaptation. In a nutshell, it mixes input image A
with a small amount of image B (e.g. A < 0.1) acting only
as color augmentation and discards any objects exists in B.

Implementation Details We leverage the open-source
PyTorch-based Detectron2 (Wu et al. 2019) repository as
our object detection codebase for experimentation. We use
Faster RCNN (Ren et al. 2015) with ResNet (He et al.
2016)-FPN (Lin et al. 2017) backbone as our baseline
model. By default, ImageNetlK (Deng et al. 2009) pre-
trained weights are used to initialize the networks. Unless
otherwise specified, we use a batch size of 64 for faster con-
vergence, an initial learning rate of 0.08, and the default step
scheduler from Detectron2. We train PASCAL VOC for 18K
iterations, which is about 70 epochs, and MS COCO for
270K iterations, or roughly 146.4 epochs. All experiments
were trained with 8 NVIDIA GPUs, either V100 or A100.

Results

PASCAL VOC dataset Tab. 1 shows the results for Loss-
Mix in comparison with the baseline model and prior meth-
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Backbone Method | AP AP5y APr;
Baseline 53.30 78.89 59.11
ResNet-50 Noise 5436 80.46 59.92
+ FPN Union 55.05 82.02 61.72
LossMix (ours) | 55.87 82.44 62.88
Baseline 53.25 79.87 59.24
ResNet-101  Noise 5490 81.52 60.78
+ FPN Union 55.01 82.56 61.50
LossMix (ours) | 55.91 82.84 62.72

Table 1: PASCAL VOC results with Faster RCNN detec-
tor and ResNet-50/101 FPN backbone. For each method, we
report the best checkpoint based on AP50 metric follow-
ing PASCAL VOC standard. Best results are in bold. Our
proposed LossMix outperforms state-of-the-art approaches
such as Union and Noise to achieve the best overall results.

ods on PASCAL VOC dataset. First, we can see that all
data mixing methods offer some improvements over the base
Faster RCNN model, even “Noise” despite the weak mixing
augmentation. This validates our interest in studying data
mixing regularization for object detection. Second, among
the detectors that deploys different mixing strategies, those
with LossMix clearly outperform others. Specifically, our
method yields up to +0.9AP compared to Union, +1.5AP
compared to Noise, and +2.7AP compared to no-mixing
baseline. Overall, LossMix achieves the best performance
across all three evaluation metrics, AP, AP5q, and AP75, as
well as both backbones, ResNet-50 and ResNet-101 FPN.

MS COCO dataset Our results for MS COCO dataset is
shown in Tab. 2 Here, we can see that the promising perfor-
mance of LossMix on PASCAL VOC is also generalizable
to a much bigger (10x) dataset such as MS COCO as well.
In particular, our method again achieves the best overall AP
scores at 41.82 for ResNet-50 and 44.07 for ResNet-101.
When considering all metrics, LossMix also outperforms the
previous state-of-the-art mixing techniques in the majority
of cases. We believe these results, coupled with the simplic-
ity of loss mixing operation, make LossMix an appealing
alternative to the current unweighted union practice for data
mixing in object detection.

Ablation study Although at its core, LossMix simply pro-
poses the mixing of loss signals, there can be different im-
plementation variations and hyper-parameters. Tab. 3 pro-
vides an ablation study investigating how these options af-
fect the performance of LossMix. Overall, LossMix is ro-
bust with these configurations; all offer improvement over
the Baseline (no data mixing) and the popular Union (Gao
etal. 2022; Wang et al. 2021; Zhang et al. 2022, 2019; Zheng
et al. 2022; Zhou et al. 2021) strategy. Morevover, we can
see that although mixing of classification losses (£." and
L79%) contributes the most, mixing box regression losses
(L7Ey and ﬁ;gg) can also help, yielding better localization
results as shown by AP75; as well as better overall AP. It
is important to highlight that even when incorporating only
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Backbone Method | AP APs, AP;; APs APy AP,
Baseline 4041 6095 4395 2459 4382 51.82
Noise 4101 6174 4498 2520 4471 5234
ResNet-30 + FPN 500 4143 6275 4568 2559 4519 52.61
LossMix (ours) | 41.82 62.51 45.81 25.04 45.48 54.03
Baseline 4208 6265 4603 2532 4577 5442
Noise 4260 6285 4658 2583 46.62 55.16
ResNet-101 + FPN ;400 4387 65.00 4839 26.88 4791 55.70
LossMix (ours) | 44.07 6443 4840 2673 4811 56.80

Table 2: MS COCO results with Faster RCNN detector and ResNet-50/101 FPN backbone. Best checkpoints are selected
according to the AP metric following MS COCO evaluation format. Models are trained for 270K iterations. Best numbers are
in bold. The proposed LossMix outperforms the baseline and state-of-the-art methods for the majority of metrics.

Input Loss mixing ‘ Evaluation
Method mixing ‘ EZ? Qn C;gg o c;gg ‘ AP APsy AP
Baseline (no mixing) X X X X X 53.88 79.31 59.99
Uniform Union (no loss mixing) A ~ Beta(1.0,1.0) X X X X 55.28 8197 61.78
LossMix: ROI-only A ~ Beta(1.0,1.0) X X v v | 56.15 82.07 6290
LossMix: Localization-only A ~ Beta(1.0,1.0) X v X v 55.31 82.15 62.61
LossMix: Classification-only A ~ Beta(1.0,1.0) v X v X 56.55 82.71 63.38
LossMix: a = 0.2 A ~ Beta(0.2,0.2) 4 v v v 5621 8195 63.33
LossMix: a = 5.0 A ~ Beta(5.0,5.0) v v v v 56.18 82.21 62.72
LossMix: o = 20.0 A ~ Beta(20.0,20.0) v v v v 56.30 82.10 63.11
LossMix + RegMixup (Pinto et al. 2022) | A ~ Beta(1.0,1.0) v v v v | 5631 8192 6240
LossMix + Early Stop (Liu et al. 2023)) A ~ Beta(1.0,1.0) v v v v | 5642 8220 6293
LossMix (default) | A~ Beta(1.0,1.0) | v v v v | 56.60 82.17 63.59

Table 3: Ablation study on PASCAL VOC dataset. The base detector is Faster RCNN with ResNet-50 FPN backbone. Best
AP checkpoints are reported. Best numbers are in bold. For early stopping, we train the model with LossMix for the first 16k
iterations out of a total of 18k. The mixing coefficient A is sampled from Beta(«, «) distribution, following Mixup.

box classification losses, our proposed method goes beyond
image-level Mixup. This is because, by re-weighting L5,
LossMix effectively addresses a range of challenges related
to spatial misalignment, background information, and object
plurality that we have discussed in previous sections. In con-
trast, Mixup is not specifically designed to tackle these and
cannot be adopted directly for object detection. This under-
scores the distinct advantages of our approach.

Experiments: Domain Adaptation
Experimental Settings

Datasets We conduct our experiments for cross-domain
object detection using two popular and challenging real-
to-artistic adaptation setups (Chen et al. 2020; Deng et al.
2021; Kim et al. 2019; Li et al. 2022b; Saito et al. 2019;
Shen et al. 2019; Xu et al. 2020): PASCAL VOC (Evering-
ham et al. 2010) — Clipartlk (Inoue et al. 2018) and PAS-
CAL VOC (Everingham et al. 2010) — Watercolor2k (Inoue
etal. 2018). Compared to PASCAL VOC, Clipartlk and Wa-
tercolor2k (Inoue et al. 2018) represent large domain shifts
from real-world photos to artistic images. Clipartlk dataset
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shares the same set of object categories as PASCAL VOC
and contains a total of 1000 images. We split these into 500
training and 500 test examples. Watercolor2k dataset, which
has 2000 images from 6 classes in common with the PAS-
CAL VOC, are split into 1000 training and 1000 test images.

Implementation Detail We leverage the open source code
of the state-of-the-art Adaptive Teacher (Li et al. 2022b)
framework. The codebase is also built on top of Detec-
tron2 (Wu et al. 2019). For fair comparison against previ-
ous works (Deng et al. 2021; Li et al. 2022b), we use Faster
RCNN (Ren et al. 2015) with ResNet-101 (He et al. 2016)
backbone. We follow the setup of (Li et al. 2022b) and scale
all training images by resizing their shorter side to 600 while
maintaining the image ratios. We keep all loss weight for
labeled and pseudo-labeled examples to be 1.0 for simplic-
ity and use the default weight of 0.1 for the discriminator
branch. We also keep the confidence threshold as 0.8. We no-
tice that the set of hyper-parameter reported in the (Li et al.
2022b) is not suitable for the open-sourced code. Thus, we
tune AT to get the best performance for fair comparison and
keep their original set of strong-weak augmentations.
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Method | Source SCL SWDA DM CRDA HTCN UMT AT* | Noise Union | Ours

mAP | 288 415 38.1 41.8 383

40.3 44.1  46.7 | 449 500 | 51.1

Table 4: PASCAL VOC — Clipartlk adaptation results. The Average Precision (in %) for all object classes from is reported,
following Deng et al. (2021) and Li et al. (2022b). The methods presented are SCL (Shen et al. 2019), SWDA (Saito et al.
2019), DM (Kim et al. 2019), CRDA (Xu et al. 2020), HTCN (Chen et al. 2020), UMT (Deng et al. 2021), AT (Li et al. 2022b),
and Source (Faster-RCNN (Ren et al. 2015)). Best results are in bold. *indicated reproduced results using the released code.

Method | bike bird car cat dog person | mAP

Source | 84.2 445 530 249 188 563 | 46.9

SCL 822 55.1 51.8 39.6 384 64.0 | 552
SWDA | 823 559 465 327 355 66.7 | 533
DM - - - - - - 52.0
UMT 88.2 553 51.7 398 436 699 | 58.1
AT* 95.8 51.7 57.8 365 331 71.0 | 57.7

Ours | 91.1 558 543 39.1 410 743 | 59.3

Table 5: PASCAL VOC — Watercolor2k adaptation results.
The Average Precision (in %) is reported following (Li et al.
2022b). Best numbers are in bold. 2nd best are underlined.
*indicated reproduced results using official code.

Results

PASCAL VOC — Clipartlk We compare with state-of-
the-art methods in cross-domain object detection using the
popular PASCAL VOC — Clipartlk adaptation (Tab. 4).
We report an mAP of 50.33% across all object categories,
achieving the new state-of-the-art performance with +3.5%
improvement on top of the prior state of the art set by the re-
cent Adaptive Teacher (Li et al. 2022b). Despite AT’s strong
performance, our results suggest that large domain shifts are
still challenging and reveal potential biases toward source
domain, e.g. inherently in the warmup procedure of Mean
Teacher. By strategically leveraging LossMix, we are able
to mitigate these problems and further improve accuracy.

Comparing with SOTA mixing Tab. 4 also presents our
comparison to different Mixup variations used by existing
methods, namely Union (Gao et al. 2022; Wang et al. 2021;
Zhang et al. 2022, 2019; Zheng et al. 2022; Zhou et al. 2021)
and Noise (Wang, Liao, and Shao 2021). Specifically, AFAN
(Wang, Liao, and Shao 2021) deploys a small A\ value on
target domain image without any pseudo labels. This strat-
egy is similar to our noise mixing during the warmup, but
is used throughout the training. Note that this approach per-
forms worse than our AT basedline. This is because although
noise mixing could be helpful in general, as shown by both
AFAN (Wang, Liao, and Shao 2021) and our following ab-
lation studies, heavily relying on it in the adaptation phase
of Mean Teacher can lead to bias towards the source domain
due to the fact that “mixed-in” target information is only
limited to a tiny amount to act as a domain-aware augmenta-
tion. Indeed, we believe for cross-domain mean teacher, the
pseudo labels are much stronger target signals and should be

\ a warm adapt L77" L7B0 LUF E:g;\APm

cls

AT Baseline | | 46.7
LossMix: ROI 1.0 v v v 7/ |496
LossMix: Loc |1.0 Vv v v v | 482
LossMix: Cls |1.0 v v v v 48.1
LossMix: warm |1.0 v v v v v |49.1
LossMix: adapt |1.0 v v v vV / |48l
LossMix: a=0.2|10.2 v v v v v / |478
LossMix: @=5.0|{5.0 v v v v v 7/ 498
LossMix: «=20./20. v v v v v / |494
LossMix (final) \ 1.0 v v v v/ \ 51.1

Table 6: Ablation study for PASCAL VOC — Clipartlk.

taken advantage of appropriately. We also see sub-optimal
results for Union (Zhang et al. 2019) due to errors in the
approximation of unweighted union, similar to detection ex-
periments. Tab. 6 shows an ablation study for more insights.

PASCAL VOC — Watercolor2k Next, we are interested
in answering the question whether or not the encouraging
gains observed in PASCAL VOC — Clipartlk can be re-
produced on a different dataset. To do this, we use Water-
color2k and evaluate the performance of PASCAL VOC —
Watercolor2k adaptation. Note that after experimenting with
Clipartlk, we narrowed down our set of hyper-parameters
to ones that work best for both Adaptive Teacher and our
method for fair competition. For Watercolor2k, to test our
method’s robustness, we directly perform grid search on this
small set of hyper-parameters without any further tuning or
manual supervision. Nonetheless, even without exhaustive
tuning, our results in Table 5 show that we can still outper-
form AT (mAP=57.7) and archive mAP=59.3 (+1.5 gain).

Conclusion

We tackle the challenges of applying data mixing augmen-
tations to object detection. Specifically, we introduce Super-
vision Interpolation (SI), a novel conceptual reinterpretation
and generalization of Mixup. Given SI, we propose Loss-
Mix, a simple-yet-effective regularization that interpolates
the losses instead of labels to enhance model learning. Our
experiments show consistent accuracy improvements, out-
performing popular object mixing strategies and achieving
state-of-the-art domain adaptation results. We hope this in-
spires future data mixing research for detection and beyond.
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