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Data-Efficient Learning in Image Synthesis and Instance Segmenta-

tion

Esther A. Robb

(ABSTRACT)

Modern deep learning methods have achieve remarkable performance on a variety of com-
puter vision tasks, but frequently require large, well-balanced training datasets to achieve
high-quality results. Data-efficient performance is critical for downstream tasks such as au-
tomated driving or facial recognition. We propose two methods of data-efficient learning
for the tasks of image synthesis and instance segmentation. We first propose a method of
high-quality and diverse image generation from finetuning to only 5-100 images. Our method
factors a pretrained model into a small but highly expressive weight space for finetuning,
which discourages overfitting in a small training set. We validate our method in a chal-
lenging few-shot setting of 5-100 images in the target domain. We show that our method
has significant visual quality gains compared with existing GAN adaptation methods. Next,
we introduce a simple adaptive instance segmentation loss which achieves state-of-the-art
results on the LVIS dataset. We demonstrate that the rare categories are heavily suppressed
by correct background predictions, which reduces the probability for all foreground cate-
gories with equal weight. Due to the relative infrequency of rare categories, this leads to an
imbalance that biases towards predicting more frequent categories. Based on this insight,
we develop DropLoss — a novel adaptive loss to compensate for this imbalance without a

trade-off between rare and frequent categories.



Data-Efficient Learning in Image Synthesis and Instance Segmenta-

tion

Esther A. Robb

(GENERAL AUDIENCE ABSTRACT)

Many of the impressive results seen in modern computer vision rely on learning patterns
from huge datasets of images, but these datasets may be expensive or difficult to collect.
Many applications of computer vision need to learn from a very small number of examples,
such as learning to recognize an unusual traffic event and behave safely in a self-driving
car. In this thesis we propose two methods of learning from only a few examples. Our first
method generates novel, high-quality and diverse images using a model fine-tuned on only
5-100 images. We start with an image generation model that was trained a much larger
image set (70K images), and adapts it to a smaller image set (5-100 images). We selectively
train only part of the network to encourage diversity and prevent memorization. Our second
method focuses on the instance segmentation setting, where the model predicts (1) what
objects occur in an image and (2) their exact outline in the image. This setting commonly
suffers from long-tail distributions, where some of the known objects occur frequently (e.g.
“human” may occur 1000+ times) but most only occur a few times (e.g. "cake” or "parrot”
may only occur 10 times). We observed that the "background” label has a disproportionate
effect of suppressing the rare object labels. We use this to develop a method to balance

suppression from background classes during training.
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Chapter 1

Introduction

Performance on rare modes is critical in downstream applications of computer vision and deep
learning such as automated driving or facial recognition. However, many of the impressive
recent advances in computer vision depend on large, diverse, and well-balanced datasets.
Collecting large datasets may be exceedingly expensive or impossible in practice, which
limits real-world applications. Therefore data-efficient approaches are essential to make
these techniques practical and safe in real-world applications. In this thesis we present

data-efficient approaches to learning in image generation and instance segmentation.

Few-shot Generative Adversarial Networks (Chapter 2) presents a method of low-shot gen-
erative adversarial model (GAN) finetuning. Our method factors a pretrained weight space
into a small, semantically meaningful set of weights. Limiting the weight space allows for

fine-tuning to very small datasets while discouraging overfitting or quality degredation.

DropLoss for Long-Tail Instance Segmentation (Chapter 3) introduces a method of adap-
tively rebalancing losses based on class distribution for instance segmentation. We observe
that during training, rare class predictions are suppressed disproportionately by correct back-
ground class predictions from the model. Because the background class makes up a majority
of bounding boxes during training, this has a significant effect on long-tail performance.
We introduce an adaptive method to rebalance the background losses based on the batch

statistics. Our method DropLoss achieves state-of-the-art performance on the LVIS dataset.



Chapter 2

Few-shot Adaptation for (Generative

Adversarial Networks

2.1 Introduction

Recent years have witnessed rapid progress in Generative Adversarial Networks (GAN) [14]
with improvements in architecture designs [33, 34, 57, 79|, training techniques [33, 52, 63],
and loss functions [1, 15]. Training these models, however, typically requires large, diverse
datasets in a target visual domain. While there have been significant advancements in
improving training stability [33, 52|, adversarial optimization remains challenging because
the optimal solutions lie at saddle points rather than a minimum of a loss function [75].
Additionally, GAN-based models may suffer from the inadequate generation of rare modes
in the training data because they optimize a mode-seeking loss rather than the mode-covering
loss of standard likelihood maximization [55]. These difficulties of training GANs become
even more severe when the number of training examples is scarce. In the low-data regime
(e.g., less than 1,000 samples), GANs frequently suffer from memorization or instability,

leading to a lack of diversity or poor visual quality.

Several recent efforts have been devoted to improving the sample efficiency of GANs through
transfer learning. The most straightforward approaches are finetuning a pre-trained gener-

ator and discriminator on the samples in the target domain [53, 72]. When the number of

2
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training examples is severely limited, however, finetuning the network weights often leads to
poor results, particularly when the source and target domains are distant. Instead of finetun-
ing the entire network weights, the method in [54] focuses on adapting batch norm statistics,
constraining the optimization problem to a smaller set of parameters. The authors report
that this method achieves better results using MLE-based optimization but fails for GAN-
based optimization. Although their quality outperforms GAN-based methods in the low-shot
setting, the images are blurry and lack details due to maximum likelihood optimization. In-
vertible flow-based models have shown promising results in data-efficient adaptation [10], but

require compute- and memory-intensive architectures with high-dimensional latent spaces.

Figure 2.1: Few-shot image generation. Our method generates novel and high-quality
samples in a new domain with a small amount of training data. (7Top) Diverse random
samples from adapting a FFHQ-pretrained StyleGAN2 to toddler images from the CelebA
dataset (with only 30 images) using our method. (Bottom) Smooth latent space interpo-
lation between two random seeds shows that our method produces novel samples instead of
simply memorizing the 30 images. Please see the supplementary video for more results.

In this paper, we propose a method for adapting a pre-trained GAN to generate novel, high-
quality sample images with a small number of training images from a new target domain
(Figure 2.1). To accomplish this, we restrict the space of trainable parameters to a small
number of highly-expressive parameters that modulate orthogonal features of the pre-trained
weight space. Our method first applies singular value decomposition (SVD) to the network

weights of a pretrained GAN (generator + discriminator). We then adapts the singular
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values using GAN optimization on the target few-shot domain, with fized left /right singular
vectors. We show that varying singular values in the weight space corresponds to semantically
meaningful changes of the synthesized image while preserving natural structure. Compared
with methods that finetune all weights of the GAN [72], individual layers [53], or only adapt
batch norm statistics [54], our method demonstrates higher image quality after adaptation.
We additionally highlight problems with the standard evaluation practice in the low-shot
GAN setting.

2.2 Related Work

2.2.1 Generative Adversarial Networks (GANsSs)

GANSs [14] use adversarial training to learn a mapping of random noise to the distribution
of an image dataset, allowing for sampling of novel images. GANs optimize a competitive
objective where a generator G(Z) maximizes the classification error of a discriminator D(X)
trained to distinguish real data p(X) from fake data G(Z). The GAN [14] objective is
expressed formally as:

max ml%n Espxyllog D(z)] — Epegix)[l — log D(x)] (2.1)

Recent research reformulated this objective to address instability problems [1, 15, 25]. Im-
proved architecture and training has led to remarkable performance in synthesis [3, 36].
Compared to pixel-reconstruction losses [2, 27, 37] GANs typically produce sharper images,
although strong priors over the latent space can offer competitive quality [58]. A high-quality
generation has relied on large datasets of high-quality images (10K+) that may be expensive

or infeasible to collect in many scenarios. Additionally, GANs can suffer from a lack of
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diversity, even when large training sets are used because the objective does not penalize the

absence of outlier modes [55]. Data-efficient GAN methods are, therefore, of great utility.

2.2.2 Sample-efficient Image Synthesis

Sample-efficient image synthesis methods encourage diverse and high-quality generation in
the low-data regime, most commonly through pretraining [54, 72] or simultaneous training
[76] on large image datasets. The main differences among these methods lie in the choice of
learnable parameters used for adaptation. Examples include adapting all weights of the gen-
erator and discriminator Wang et al. [72], freezing only lower layers of the discriminator [53],
or changing only channel-wise batch statistics Noguchi and Harada [54]. Flow-based meth-
ods [10] show promising results in few-shot adaptation, but their architecture is compute-
and memory-intensive and requires latent space of the same dimensionality as the data. Our
method uses a smaller but more expressive set of parameters (Figure 2.2), resulting in more

natural adapted samples.

2.2.3 One-shot Image Re-synthesis.

Recent work in one-shot image synthesis has demonstrated high-quality and diverse results
by modeling the internal distribution of features from a single image without pretraining
(66, 68]. Our work differs as we transfer external knowledge from a pretrained GAN to a

new domain and, therefore, can generate drastically more diverse samples.
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2.2.4 Singular Value Decomposition (SVD).

SVD factorizes any matrix M € R™" into unitary matrices U € R™™ V € R™ " and
diagonal matrix ¥ such that M = UXV", where U,V contain the left and right singular
vectors respectively and ¥ contains the singular values along the diagonal entries. SVD can
be interpreted as a decomposition of a linear transformation x — Mz into three separate
transformations: a rotation/reflection U, followed by rescaling ¥, followed be another rota-
tion /reflection V'T. The transformation defined by the maximum singular value ¢y = L1
and its corresponding normalized singular vectors represent the maximal axis of variation
in the matrix M. This interpretation is commonly used in data science for dimensionality
reduction via PCA [39]. PCA can be obtained via SVD on a column-normalized matrix [13].
SVD is also used for a wide number of other applications, including regularization [65], and
quantification of entanglement [51], and has also been used to build theoretical background
for semantic development in neural networks [64]. The work most closely related to ours is
GANSpace [18] for image synthesis editing. GANSpace applies PCA within the latent feature
space of a pretrained GAN to discover semantically-interpretable directions for image editing
in the latent space. In contrast, our work performs SVD on the weight space of a GAN to
discover meaningful directions for domain adaptation. Performing SVD on the weight space
enables two critical differences between our work and Hérkonen et al. [18]: (i) we edit the

entire output distribution rather than one image, and (ii) rather than manual editing, we

adapt the GAN to a new domain.
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Method Conv layer #params Count
Pretrain conv(z, Wp) - -
TGAN conv(xz, W) k2 CinCout 59M
FreezeD conv(x, W) k2 CinCout 47™
SSGAN conv(z, Wp) - v+ [ 2Cout 23K
FSGAN (Ours) conv(z, Wy) Cout 16K
(a) Adaptation method formulations.
g1 0 o
WZ — UO 0 (.72 ‘/OT
kz Cin X Cout 0 o
$X 8 8 X Cout
ke, X s

(b) FSGAN singular value adaptation.

2.3 Approac

2.3.1 Overview

h

Figure 2.2: Comparing meth-
ods for GAN adaption. Learn-
able parameters are denoted in
red. (a) TransferGAN (TGAN
for simplicity) [72] and FreezeD
[53] retrain all weights W in a
layer. SSGAN [54] and FSGAN
train significantly fewer param-
eters per layer. Note FSGAN
adapts both conv and FC lay-
ers, while SSGAN adapts only
conv layers. #params is the num-
ber of learnable paramaters per
conv layer; Count gives param-
eter counts over the full Style-
GAN2 generator and discrimina-
tor. (b) FSGAN (ours) adapts
singular values ¥ = {oq,...,05}
of pretrained weights W}, to obtain
adapted weights Wr,.

Our goal is to improve GAN finetuning on small image domains by discovering a more effec-

tive and constrained parameter space for adapting the pretrained weights. We are inspired by

prior work in GAN adaptation showing that constraining the space of trainable parameters

can lead to improved performance on target domain [53, 54, 59]. In contrast to identify-

ing the parameter space within the model architecture, we propose to discover a parameter

space based on the pretrained weights. Specifically, we apply singular value decomposition

to the pretrained weights and uncover a basis representing orthogonal directions of maximum

variance in the weight space. To explore the interpretation of the SVD representation, we

visualize the top three singular values of synthesis and style layers of StyleGAN2 [36]. We
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observe that varying the singular values corresponds to natural and semantically-meaningful
changes in the output image as shown in Figure 2.3. Changing the singular values can be
interpreted as changing the entanglement between orthogonal factors of variation in the data
(singular vectors), providing an expressive parameterization of the pretrained weights, which

we leverage for adaptation as described in the following section.

2.3.2 Adaptation Procedure

Our method first performs SVD on both the generator and discriminator of a pretrained GAN
and adapts the singular values to a new domain using standard GAN training objectives.
A generator layer G® or a discriminator layer D may consist of either 2D (Cin X Cout)
fully-connected weights or 4D (k X k X ¢i, X out) convolutional filter weights. We apply SVD
separately at every layer of the generator G\) and discriminator D). Next, we describe the
decomposition process for a single layer of pretrained weights Wéé). For fully-connected layer
WO(E), we can apply SVD directly on the weight matrix. For 4D convolution weights Wée) €
RExkxeinxcout this is not feasible because SVD operates only on a 2D matrix. We therefore
reshape the 4D tensor by flattening across the spatial and input feature channels before
performing SVD to obtain a 2D matrix Wée) € R¥*¢inxcour . Our intuition is that the spatial-
feature relationship in the pretrained model should be preserved during the adaptation. We
apply SVD over each set of flattened convolutional weights or fully convolution weights to

obtain the decomposition:

W = (U, = V. (2.2)

After decomposing the pretrained weights, we perform domain adaptation by freezing pre-

trained left /right singular vectors in (Up, V5)®¥ and optimizing the singular values ¥ = A%,
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styley CONVgxs CONV1024x 1024

Original 100’0 100'1 100’2 50'0 50’1 50'2 100’0 100'1 100'2

Figure 2.3: Effects of singular values. We visualize FSGAN’s adaptation space by mag-
nifying the top 3 singular values g, 01,09 from SVD performed on style and conv layers
of a StyleGAN2 [34, 36] pretrained on FFHQ. In mapping layer 4 (style,), the leading os
change the age, skin tone, and head pose. In synthesis layer 2 (convgysg), face dimensions
are modified in term of face height/size/width. In synthesis layer 9 (convigesxio24), the face
appearance changes in finer pixel stats such as saturation, contrast, and color balance.

using a standard GAN objective to obtain transferred weights (Figure 2.2):
W) = (U = V") ® (2.3)

Effectively, our GAN domain adaptation aims to find a new set of singular values in each
layer of a pretrained model so that the generated outputs match the distribution of the

target domain.

During forward propagation, we reconstruct weights Wy using the finetuned singular val-
ues at each convolution or fully-connected layer of the generator and discriminator before

applying the operation.
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Figure 2.4: Problem with FID as a few-
shot metric. TGAN [72] adaptation from

t FID Interpolation

0 121.21 English characters to 10-shot Kannada char-
20 154.25 acters (Bottom) [8]. The adaptation process
40 134.22 is illustrated by interpolating two random
?go 190326857 — latent vectors at different timesteps (t=20
CoC R R S . , o
) — means 20K images seen during training). We
180 92.94 ERE R ¢ s 5 )

measure FID against a 2K-image Kannada
Train set (10-shot): BEEE set, from which the 10 images was sampled.
The interpolation shows larger timesteps (t)
tend to memorize the 10-image training set
while yielding lower FID, revealing that FID
favors overfitting and is not suitable for the
few-shot setting.

2.3.3 Training & Inference

Our experiments use the StyleGAN2 [36] training framework, which optimizes a logistic GAN
loss (Equation 2.1) with latent space gradient regularization and a discriminator gradient
penalty. We retrain the singular values ¥ for a fixed number of timesteps (20K images or
16K for 5-shot). We find limiting the training time is essential for quality and diversity in the
low-shot setting, as longer training often leads to overfitting or quality degradation (examples
in Figure 2.4 & 2.7). Like Noguchi and Harada [54], we use the truncation trick [3] during
inference, but our method works with a less-restrictive truncation parameter of ¢ = 0.8,

which enables more diversity in the generated images.

2.3.4 Evaluation in Few-Shot Synthesis

A common adverse outcome in few-shot image generation is overfitting to the target set,
such that all generated images look similar to the training data. Evaluation metrics should
reflect the diversity of generated images, so that memorization is penalized. The standard
evaluation practice used in prior low-shot GAN adaptation work [53, 54, 72] is to estimate

FID [26] using a large held-out test set with 1K+ images, from which the low-shot training
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set was sampled. Standard GAN evaluation typically measures FID with respect to the
training set, but in the low-shot setting, this is not desirable because the generator may
simply memorize the training set. However, we find that even when measuring FID against
a held-out test set, this evaluation still favors overfitted or poor-quality models, as shown in
Figure 2.4. FID between real and fake images is calculated as the Frechet distance between

perceptual features p,(X) and ps(Z2):

e = p5|[* + To(Cr + C = 24/C.Cp). (2.4)

where it is assumed features are Gaussian i.e. pg(Z) = N(uy, Cy) and p,(X) = N(y, C,). In
the few-shot setting, our n-shot training set T = (1, x3, ..., T,) is sampled from our test set
pr(X). Assuming 7' is chosen at random, its sample mean and variance fi, o2 are unbiased
estimators of pu,.,C,.. Therefore if the generator memorizes T, its statistics approximate
tr, C,.. This artificially decreases the FID of an overfit model (Figure 2.4). Consequently, we
suggest that FID should be supplemented with additional metrics and extensive qualitative
results in the low-shot setting. In high-data settings, a very large number of parameters
would be required to memorize the images, so this problem is less likely to occur. Based on
these observations, throughout our evaluation, we limit training timesteps rather than select
the step with the best FID as we find the latter approach gives more inferior qualitative
results. To address the limitations of standard metrics for GAN evaluation, we also report

sharpness [38] and face quality index [24] for human face transfer.
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2.4 Results

2.4.1 Settings

We adapt a pretrained model to a new target domain using only 5-100 target images, as
we focus on scenarios with 1-2 orders fewer number of training samples than standard data-
efficient GAN adaptation methods [53, 54, 72]. As discussed in Section 2.3.4, we find that
the FID score is unsuitable in the low-shot regime due to overfitting bias. However, we still
report the FID scores of our experiments for completeness. In addition, we report additional

quality metrics and extensive qualitative results.

Adaptation Methods. We compare the proposed FSGAN with Transfer GAN (TGAN)
[72], FreezeD (FD) [53], and the Scale & Shift GAN (SSGAN) baseline of Noguchi and Harada
[54]. For a fair comparison in the GAN setting, we choose the GAN baseline of SSGAN [54]
instead of their GLO-based variant. We implement all methods using the StyleGAN2 [36]
codebase.! We follow the training setting of StyleGAN, but change the learning rate to 0.003
to stabilize training and reduce the number of training steps to prevent overfitting in the

low-shot setting. Figures 2.4, 2.7 show comparisons of different training times.

thttps://github.com/NVlabs/stylegan?
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SSGAN FSGAN

(a) CelebA 4978

(b) CelebA 3719

e A A

Figure 2.5: Close-domain adaptation (FFHQ—CelebA). Models adapted from a pre-
trained StyleGAN2 using ~30 target images (left-most column) of (a) CelebA ID 4978 and
(b) CelebA ID 3719. The proposed FSGAN generates more natural face images without
noticeable artifacts. Comparison methods include TGAN [72], FD [53], SSGAN [54], trained
with a limited number of timesteps to prevent overfitting or quality degradation.

Table 2.1: Quantitative comparisons in three metrics: FID [26], Face Quality Index
(FQI) [24], and sharpness [38]. See Fig 2.5 for illustrations. FQI and Sharpness are evaluated
on 1,000 images randomly generated with the same set of seeds. Bracketed/bold numbers
indicated the best/second best results, respectively.

CelebA 4978 CelebA 3719
Method FID FQI Sharpness FID FQI Sharpness
Pretrain - 0.40+£0.11  0.91£0.06 - 0.37£0.12  0.92+0.06
TransferGAN 75.41 0.30+0.07  0.61£0.05 178.31 0.26+0.09 0.61+0.04
FreezeD 75.30 0.33+0.09 0.58+0.04 143.83 0.27+£0.09 0.56£0.05
SSGAN 87.79 0.32£0.08 [0.67+0.05] 147.14 0.274£0.10  0.58+0.05

FSGAN (ours) 78.90  [0.36+0.07] 0.65+0.05  170.00  0.27+0.08 [0.68+0.07]
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Datasets. We used FFHQ [34] and LSUN Churches [78] pretrained checkpoints from Style-
GAN2 [35], and transferred to few-shot single-ID CelebA (30 or 31 images) [48], Portraits
(5-100 images) [40], Anime ID “Rem” (25 images) 2, and Van Gogh landscapes (25 images)
[81]. We evaluate FID against a large test set (10K for CelebA) following the evaluation
method of Wang et al. [72]. We also evaluate face quality index [24] and image sharp-
ness [38] for face domain adaptation, using 1000 images from each method generated using
identical seeds. Full few-shot target sets are shown in Figures 2.5 & 2.6, and we will make

all few-shot sets available online.

2.4.2 Near-domain adaptation

We first show a near domain transfer setting (adapting FFHQ to single-ID CelebA datat-
set [48]). As both source and target domains contain faces, the pretrained model has useful
features for the transfer domain. Figure 2.5 shows that existing GAN adaptation methods
produce artifacts around the eyes/chin and low overall structural consistency. In contrast,
our method generates more natural face images with characteristics similar to the training
samples (e.g., the head size, position of the faces). Comparing Figure 2.5 and Table 2.1
shows that the FID correlates poorly with qualitative evaluation for this setting. In light of
this, we report additional metrics of face quality [24] and sharpness [38]. On these metrics,

our method achieves competitive performance across adaptation settings.

2.4.3 Far-domain adaptation

We show far-domain 25-shot transfer, where we define “far” as differing significantly in

the distribution of image features such as textures, proportions, and semantics. 1) LSUN

Zhttps://www.gwern.net/Danbooru2019
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Churches— Van Gogh paintings: The two domains differ in the foreground, building shapes,
and textural styles. 2) FFHQ— Art portraits: The main differences between the two domains
are low-level styles and facial features. 3) FFHQ— Anime Rem ID: A challenging setting
with exaggerated facial proportions and lack of texture details. Figure 2.6 shows visual
comparisons with three state-of-the-art methods. We find that the proposed FSGAN can
adapt the model to produce more dramatic changes to match the target distributions in

terms of semantics, proportions, and textures while maintaining high image quality.

2.4.4 N-shot Settings

We test the sensitivity of both FSGAN (ours) and FreezeD [53] to differing n-shot settings
and show the results in Figure 2.7. We find that FSGAN is more robust to n-shot setting
compared to FreezeD. To show this better, we compare two variations of FreezeD. The first
FreezeD variant (FD) is limited in timesteps (20K images / 16K on 5-shot) to match FSGAN
and the results reported in Figures 2.5 & 2.6. Limiting timesteps prevents degradation that
occurs at later iterations in the few-shot settings. However, the time-limited FD produces low
quality and limited adaptation of textures and semantic features. The second FreezeD variant
(FD-FT) is trained for longer (60K images) to demonstrate (1) degradation in fewer n-shot
and (2) improvements in quality /adaptation in higher n-shot as seen in [53]. In contrast, our
method (FSGAN) effectively transfers semantic features while preserving quality across all
n-shot settings tested in Figure 2.7. We note variance across n-shot settings for all methods

as the data distribution changes.
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2.5 Conclusions

We presented Few-shot GAN, a simple yet effective method for adapting a pre-trained GAN
based model to a new target domain where the number of training images is scarce. Our
core idea lies in factorizing the weights of convolutional /fully-connected layers in a pretrained
model using SVD to identify a semantically meaningful parameter space for adaptation. Our
strategy preserves the capability of a pre-trained model of generating diverse and realistic
samples while provides the flexibility for adapting the model to a target domain with few
examples. We demonstrate the effectiveness of the proposed method with close-domain and
far-domain adaptation experiments and across various n-shot settings. We show favorable

results compared with existing data-efficient GAN adaptation methods.
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(a) Gogh

(b) Portrait

(¢) Anime

Figure 2.6: Far-domain adaptation (Photo—Art). Comparing FSGAN with alternative
GAN adaptation methods in the photo-to-art setting. (a) FSGAN more effectively alters
building layouts and adds landscape in the foreground to match the Van Gogh paintings,
maintaining better spatial coherency. (b) FSGAN adopts features from the Portraits dataset
(hats, beards, artistic backgrounds), while other methods primarily alter image textures.
(c) FSGAN transforms natural hair and facial features to imitate the anime target while
retaining spatial consistency. Note the occurrence of pink hair in our generated images,
which does not exist in the few-shot target but is visually consistent.
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# Figure 2.7: N-shot settings (FFHQ—Portraits): (a) Mo et al. [53]
{ with limited timesteps preserves diversity at all n-shots, but pro-
duces undesired artifacts and limited adaptation (e.g. sunglasses

d) Pretrain

“ ity adaptation with 100 shots, but degenerates at <50 shots. (c)
FSGAN (ours) is robust to n-shot settings, producing high-quality

adaptation even at N=5.
(d) Pretrained FFHQ images.



Chapter 3

DropLoss for Long-Tail Instance

Segmentation

3.1 Introduction

Object detection and instance segmentation have a wide array of practical applications.
State-of-the-art object detection methods adopt a multistage framework [11, 12, 61] trained
on large-scale datasets with abundant examples for each object category [42]. However,
datasets used in real-word applications commonly fall into a long-tailed distribution over cat-
egories, i.e., the majority of classes have only a small number of training examples. Training
a model on these datasets inevitably induces an undesired bias towards frequent categories.
The limited diversity of rare-category samples further increases the risk of overfitting. Meth-
ods for addressing the issues involving long-tailed distributions commonly fall into several
groups: 7) resampling to balance the category frequencies, i) reweighting the losses of rare

and frequent categories, and 7i7) specialized architectures or feature transformations.

The instance segmentation problem presents unique challenges for learning long-tailed dis-
tributions, as it contains multiple training objectives to supervise region proposal, bounding
box regression, mask regression, and object classification. Each of these losses contributes to
the overall balance of model training. The prior state-of-the-art in long-tail instance segmen-

tation [70] discovered a phenomenon where the predictions for rare categories are suppressed

19



20 CHAPTER 3. DrorPLOsS FOR LONG-TAIL INSTANCE SEGMENTATION

%0.7- —— Foreground Incorrect T 3.50- —— Iteration 5000
0.6 Background 2 3.75 . —— lteration 50000
e ~
0 0.5] L 4.001
O 0.4 S 4.25]
(V]
9 0.2 /*/AM S 475
© —
@ 0.1 5 5.001
G 0. £ 5251 e
0 200 400 600 800 10001200 0 200 400 600 800 10001200
Sorted category index Sorted category index
(a) Gradient percentage (b) Prediction scores

Figure 3.1: Motivation. (a) Percentage of gradient updates from incorrect foreground classi-
fication (blue) and ground-truth background anchors (orange) on LVIS [16]. We divide the
categories into “frequent” (white shading), “common” (orange shading), and “rare” (yellow
shading). For rare categories, background gradients occupy a disproportionate percentage
of total gradients. (b) The distribution of average foreground class prediction scores for
ground-truth background bounding boxes at earlier (red) and later (blue) training stages.
We find that, for background bounding boxes, the prediction scores of rare categories are
more severely suppressed, and the training is biased towards predicting more frequent cate-
gories.

by incorrect foreground class predictions. To reduce these “discouraging gradients” and
allow the network to explore the solution space for rare categories, the EQL method [70] re-
moves losses to rare categories from incorrect foreground classification. However, we observe
that most “discouraging gradients” in fact originate from correct background classification
(where a bounding box does not contain any labeled objects). In the background case, the

classification branch receives losses to suppress all foreground class prediction scores.

In Figure 3.1, we study the effect of such discouraging gradients on the different categories of
a long-tail dataset, categorized by number of training images into rare (1-10 images), common
(11-100), and frequent (> 100) categories. We find that these losses disproportionately affect
rare and common categories, due to the infrequency of “encouraging gradients” in which a

bounding box contains the correct category label. Specifically, Figure 3.1(a) shows that
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50-70% of discouraging gradients for rare categories originate from background predictions,
compared with only 30-40% of discouraging gradients for frequent categories. Discouraging
gradients from background classification (orange curve) contribute a much higher percentage
of total discouraging gradients compared to that of incorrect foreground prediction (blue
curve) as used in EQL [70]. Figure 3.1(b) shows that using a ground-truth background
anchor, a trained model predicts scores for rare categories with several orders-of-magnitude
lower confidence than for frequent categories. This demonstrates a bias towards predicting

more frequent categories.

Based on these observations, we develop a simple yet effective method to adaptively rebalance
the ratio of background prediction losses between rare/common and frequent categories. Our
proposed method DropLoss removes losses for rare and common categories from background
predictions based on sampling a Bernoulli variable with parameters determined by batch
statistics. DropLoss prevents suppression of rare and common categories, increasing oppor-
tunities for correct predictions of infrequent classes during training and reducing frequent

class bias.

The contributions of this work are summarized as follows:

1. We provide an analysis of the unique characteristics of long-tailed distributions, par-
ticularly in the context of instance segmentation, to pinpoint the imbalance problem
caused by disproportionate discouraging gradients from background predictions during

training.

2. We develop a methodology for alleviating imbalances in the long-tailed setting by

leveraging the ratio of rare and frequent classes in a sampled training batch.

3. We present state-of-the-art instance segmentation results on the challenging long-tail

LVIS dataset [16].



22 CHAPTER 3. DrorPLOsS FOR LONG-TAIL INSTANCE SEGMENTATION

3.2 Related Work

3.2.1 Object Detection and Instance Segmentation.

Two-stage detection architectures [11, 12, 44, 61] have been successful in the object detection
setting, where the first stage proposes a “region of interest” and the second stage refines the
bounding box and performs classification. This decomposition was initially proposed in R-
CNN [12]. Fast R-CNN [11] and Faster R-CNN [61] improve efficiency and quality for object
detection. Mask R-CNN later adapts Faster R-CNN to the instance segmentation setting by
adding a mask prediction branch in the second stage [21]. Mask R-CNN has proven effective
in a wide variety of instance segmentation tasks. Our work adopts this architecture. In
contrast with two-stage methods, single-stage methods provide faster inference by eliminat-
ing the region proposal stage and instead predicting a bounding box directly from anchors

[46, 47, 60]. However, two-stage architectures generally provide better localization.

3.2.2 Learning Long-tailed Distributions.

Techniques for learning long-tailed distributions generally fall into three groups: resampling,
reweighting and cost-sensitive learning, and feature manipulation. We discuss each in the

following sections.

3.2.3 Resampling Methods.

Oversampling methods [6, 17, 19, 23, 29, 50, 82] duplicate rare class samples to balance out
the class frequency distribution. However, oversampling methods tend to overfit to the rare

categories, as this type of method does not address the fundamental lack of data. Several
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oversampling methods aim to address this by augmenting the available data [6, 17], but
undersampling methods are often preferred [9]. Undersampling methods [9, 31, 71] remove
frequent class samples from the dataset to balance the class frequency distribution. The loss
of information from removing these samples can be mitigated through careful selection using
statistical techniques [31, 71]. It can be beneficial to combine the advantages of undersam-
pling and oversampling [6]. Dynamic methods adjust the sampling distribution throughout
training based on loss or metrics [56]. Class balance sampling [32, 67] uses class-aware
strategies to rebalance the data distribution for learning classifiers and representations. In
the context of the dense instance segmentation problem, it is difficult to apply the above

resampling methods because the number of class examples per image may vary.

3.2.4 Reweighting and Cost-sensitive Methods.

Rather than rebalancing the sampling distribution, reweighting methods seek to balance the
loss weighting between rare and frequent categories. Class frequency reweighing methods
commonly use the inverse frequency of each class to weight the loss [7, 29, 73]. Cost-sensitive
methods [41, 45] aim to balance the model loss magnitudes between rare and frequent cat-
egories. An existing meta-learning method [69] explicitly learns loss weights based on the
data. Our method provides a simple way to combine class frequency-aware sampling and

cost-sensitive learning.

3.2.5 Feature Manipulation Methods.

In contrast to resampling methods and reweighting methods that focus on modifying the loss
based on class frequency, feature manipulation methods aim to design specific architectures or

feature relationships to address the long-tail problem. Normalization can be used to control
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the distribution of deep features, preventing frequent categories from dominating training
[32]. Metric learning methods [32, 80] learn maximally-distant “prototypes” of deep features
to improve performance on data-scarce categories, effectively transferring knowledge between
head and tail categories. Similarly, knowledge transfer in feature space can be accomplished

using memory-based prototypes [49] or transfer of intra-class variance [77].

3.2.6 Long-tail Learning Settings.

Several methods have been proposed to handle the problem of learning from imbalanced
datasets in other settings such as object classification [5, 7, 30, 70]. In the long-tail object
recognition setting, the prior state-of-the-art method [70] uses selective reweighting. Their
work observed that rare categories receive significantly more “discouraging gradients” com-
pared with frequent categories, and develop a method for rebalancing discouraging gradients
from foreground misclassifications. Their method uses a binary 0 or 1 reweighting based on
whether the class is rare or frequent. Unlike this work, our method focuses on the much
more prevalent background classification losses in the instance segmentation setting, and we
develop a new adaptive resampling and reweighting method which accounts for this imbal-
ance and for the distribution of classes within a sample. Note that most of the methods for
learning long-tailed distributions focus on the image classification setting where this is no
background class (and therefore no losses associated with background). In object detection
and instance segmentation, however, the background class plays a very dominant role in
the loss. This inspires our design of a reweighting mechanism which specifically considers

background class.
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3.3 Approach

Based on the observation that rare and common categories receive disproportionate discour-
aging gradients from background classifications (compared with frequent categories), the
goal of our method is to prevent rare categories from being overly suppressed by reducing
the imbalance of discouraging gradients. We are inspired by work in one-stage object detec-
tion [41, 45], which encounters a similar problem of large gradients from negative anchors
inhibiting learning. We first construct a baseline which modifies the equalization loss [70]
to rebalance gradients from foreground and background region proposals for rare/common
and frequent categories. We show that this baseline leads to improved results over [70] but
requires careful hyperparameter selection and exhibits a clear tradeoff between rare/common
and frequent categories. To alleviate this problem, we propose a stochastic DropLoss which
improves the overall frequent-rare category performance as well as improving the tradeoff as

measured by a Pareto frontier 3.4.

3.3.1 Reyvisiting the Equalization Loss

3.3.2 Equalization Loss.

We start with a review of the equalization loss [70]. Equalization loss modifies sigmoid cross-
entropy to alleviate discouraging gradients from incorrect foreground predictions. Note that,
in sigmoid cross-entropy, the ground-truth label y; represents only a binary distribution for
the foreground category 7, and no extra class label for the background is included. That is,
we have y; = 1 if the ground-truth category of a region is j. On the other hand, if a region
belongs to the background, we have y; = 0 for all the categories. During training, a region

proposal is labeled as “background” if its IoU with any ground-truth region of a foreground
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Figure 3.2: Background equalization loss. We present an extension of the equalization loss
that specifically focuses on the background classification. (a) The curves of the Lggpqr, weights
in (3.4) with different choices for the logarithm base b. Smaller values of the logarithm
base b reduce the effects of background more. (b) The experimental result of applying
different logarithm bases shows a tradeoff between the mean average precision (mAP) of
rare categories and the mAP of frequent categories with respect to different logarithm base
settings. Note that the background equalization loss Lprqr, with a large base b reduces to
the existing equalization loss Lgqr..

class is lower than 50%.

Given a region proposal r, the equalization loss is formulated as follows:

c . ifu, =1
o Pjs ify; =1,
»CEQL = - ij log(pj) y Pj = (3-1)
J=1 1 —pj;, otherwise,
wj =1—=E(r)Ta(f;)(1 —y;), (3.2)

where C' is the number of categories, p; is predicted logit, and f; is the frequency of category
j in the dataset. The indicator function E(r) outputs 1 if r is a foreground region and 0 if
it belongs to the background. More specifically, for a region proposal r that is considered a

background region with all y; being zero, we have E(r) = 0. T)(f) is also a binary indicator
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function that, given a threshold A, outputs 1 if f < A to indicate the category is of low
frequency. It can be verified from 3.2 that, for a foreground region r (i.e., E(r) = 1), the
weight w; is either 1 or 1 —T)(f;), depending on the frequency of the ground-truth category
j. Further, if a category j is of low frequency (rare category), the weight w; = 1 — T)(f;)
becomes zero and thus no penalty is given to incorrect foreground predictions. On the
other hand, for frequent categories, the weight is 1 and the penalty of incorrect prediction
remains — log(1 — p;). By removing discouraging gradients to rare/common categories from
incorrect foreground predictions, the equalization loss achieved state-of-the-art on the LVIS
Challenge 2019. Foreground class label prediction is selected using the maximum logit, so
entirely removing the loss allows the network to optimize rare categories without penalties,
as long as the prediction logit is less than ground truth for the frequent categories. This
approach removes large penalties for non-zero confidences in rare categories, which otherwise

imbalance the training to suppress rare categories.

3.3.3 Background Equalization Loss.

In contrast to the mechanism of equalization loss that prevents large penalties for non-zero
confidences in rare categories, cost-sensitive learning methods only reduce [45] or remove
[41] discouraging gradients if the magnitude of the loss falls below some threshold. Our core
insight is that foreground and background categories require different approaches due to
the differences in prediction criteria. For background categories, the network predicts back-
ground class if all logits p; fall below a threshold. For foreground categories, the prediction

is selected using the mazimum logit p,;. Inspire by cost-sensitive loss and equalization loss,
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we present the background equalization loss as an extension to the original equalization loss:

¢ . ity =1
T if y; =1,
Lepqu = — Y w;log(p;), p; = (3.3)
j=1 1 —p;, otherwise,
1=T5(f;)(1 =), if E(r) =1,
w; = (3.4)

1 —T\(f;) - min{—log,(p;), 1}, otherwise.

By comparing (3.2) and (3.4), we can see that the background equalization loss differs from
the equalization loss in the weights for background regions. The equalization loss always
penalizes a background region (E(r) = 0 and thus w; = 1) even if the category is of low
frequency. In contrast, our background equalization loss gives smaller weight to background
predictions as long as their confidences are low. We use a logarithm base b to control the
sensitivity of the weight concerning the confidence of background prediction. Figure 3.2(a)
shows the curves of the Lpgqr, weights in (3.4) by varying the value of the logarithm base
b. For example, suppose we would want to focus on the performance of the rare category,
we can set the value of b = 2. The main idea here is to alleviate the accumulation of
small but non-negligible discouraging gradients from the background. When applying the
proposed background equalization loss with different logarithm bases, however, we see a clear
performance tradeoff between frequent and rare categories (see Figure 3.2(b)). The results
show that the average precision of the rare categories behaves in the opposite way as the

average precision of the frequent categories for different choices of logarithm bases.
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Architecture Backbone  Loss AP (%) APsy APz AP, AP, APy AR APibox
BCE 21.5 334 229 47 212 28.6 283 21
Mask R-CNN R-50-FPN  EQL [70] 23.8 36.3 252 85 252 283 315 23.5
DropLoss (Ours) 25.5 38.7 27.2 13.2 279 273 34.8 25.1
BCE 23.6 36.5 25.1 5.6 242 30.1 30.9 23.3
Mask R-CNN R-101-FPN EQL [70] 26.2 39.5 279 119 278 298 338 26.2
DropLoss (Ours) 26.9 40.6 28.9 14.8 29.7 283 36.4 26.8
BCE 214 32 231 34 204 29.8 276 22.8
Cascade R-CNN R-50-FPN  EQL [70] 24.2 359 258 78 25 29.7 314 26
DropLoss (Ours) 25 37 269 9.1 272 287 34 269
BCE 23 344 247 35 228 31.2 299 24.9
Cascade R-CNN R-101-FPN EQL [70] 25.4 373 2713 72 26.6 31 33.1 27.2

DropLoss (Ours)  26.4 39 28.1 11.5 28.5 29.7 35.5 28.6

Table 3.1: Comparison between architecture and backbone settings, evaluated on LVIS v0.5
validation set. We compare BCE (binary cross-entropy), EQL (equalization loss) and Drop
(DropLoss). AP/AR refers to mask AP/AR, and subscripts ‘r’, ‘c’, and ‘f” refer to rare,

common, and frequent categories.

3.3.4 DropLoss

While suppressing discouraging gradients from the background shows improvement for the
rare categories, the background equalization loss has a drawback. The performance often
sensitively depends on the choice of the logarithm base. It is difficult to choose an appropri-
ate logarithm base that works for different long-tailed distributions without suffering from a
tradeoff between frequent and rare categories. In light of this, we propose a new stochastic
method, called DropLoss, which dynamically balances the influence of background discour-

aging gradients for rare/common/frequent categories.

Similar to the design of the background equalization loss, we seek to adjust weights on
the logits of low-frequency categories for background region proposals. In DropLoss, we
introduce a Bernoulli distribution and sample a binary value from the distribution as the
weight w; if a region belongs to the background. Further, we determine the parameter of
the Bernoulli distribution by a beta sampling distribution over the occurrence ratios of rare,

common, and frequent categories for the regions generated by the Region Proposal Network
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[61] during training. The Bernoulli distribution with a Beta prior is suitable because we aim

to model binary outcomes with varying biases in a stochastic manner.

Given a batch of region proposals, we compute the ratio between the occurrences of ‘rare
+ common’ categories to all foreground occurrences (i.e., ‘rare + common + frequent’ cate-
gories). In other words, we treat a batch of region proposals as a sample of occurrence ratio
that is drawn from a beta distribution to provide the parameter of the Bernoulli distribu-
tion. Our intuition behind such a scheme is simple: For region proposals of rare and common
categories, their occurrences in a batch are of low frequency. Therefore, the discouraging
gradients from the background predictions should be accordingly discounted for rare and

common categories.

We formulate DropLoss as follows:

c A iy — 1
s ify; =1,
EDrop = - E wy 1Og(p]) y Dy = (35)
Jj=1

1 —p;, otherwise,

L=T(fi)(L —y;), if E(r)=1,

w ~ Ber(puy, ), otherwise,
where a random sample w € {0, 1} is drawn from Bernoulli distribution Ber(sy, ) if the region
proposal 7 belongs to the background, d.e., E(r) = 0. The parameter uy, of the Bernoulli
distribution is determined by the occurrence ratio of low-frequency (‘rare + common’) cat-

egories in the current batch of region proposals. We compute the parameter by

(nrare + ncommon)/nalla if T)\(f]) =1 )
Hp = (37)

Nfrequent /nalb otherwise,
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where Nare; Ncommon, aNd Nrequent are the numbers of occurrences of rare, common, and
frequent categories in the current training batch of foreground region proposals. The total
number of foreground occurrences is na = 7Nrare + Ncommon + Mirequent- 1Mplementation of
the above DropLoss scheme is straightforward: For each batch, we derive the parameter yy,
depending on whether category j is rare/common or frequent. We can then simulate a flip

of a biased coin with head probability yy, and assign w; = 1 if we get a head.

A region proposal is annotated as a background region if it does not overlap with any ground-
truth foreground region, or if the IoU is lower than 50%. If the number of rare category
occurrences in a given batch is large, discouraging gradients to that rare category are more
likely to be kept (with a higher chance to get w; = 1). On the other hand, if a rare category
does not appear very often in a batch, it is highly probable that discouraging gradients to the
rare category will be dropped. Therefore, our dropping strategy tends to neglect unrelated
non-overlapping background proposals but would be inclined to keep more related (0 < IoU

< 0.5) background proposals.

3.4 Results

In this section, we present the implementation details and experimental results. We com-
pare DropLoss with the state-of-the-art long-tail instance segmentation baselines on the
challenging LVIS dataset [16]. To validate the effectiveness of this approach, we compare
across different architectures and backbones and integrate with additional long-tail resam-
pling methods. We find that DropLoss demonstrates consistently improved results in AP

and AR across all these experimental settings.
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3.4.1 Dataset.

Following the previous work equalization loss [70], we train and evaluate our model on LVIS
benchmark dataset. LVIS is a large vocabulary instance segmentation dataset, containing
1,230 categories. In LVIS dataset, categories are sorted into three groups based on the
number of images in which they appear: rare (1-10 images), common (11-100), and frequent
(> 100). We report AP for each bin to quantify performance in the long-tailed distribution
setting. We train our model on the 57K-image LVIS v0.5 training set and evaluate it on the

5K-image LVIS v0.5 validation set.

3.4.2 Implementation Details.

For our experiments, we adopt the Mask R-CNN [22] architecture with Feature Pyramid
Networks [43] as a baseline model. We train the network using stochastic gradient descent
with a momentum of 0.9 and a weight decay of 0.0001 for 90K iterations, with batch size 16
on eight parallel NVIDIA 2080 Ti GPUs. We initialize the learning rate to 0.2 and decay
it by a ratio of 0.1 at iterations 60,000 and 80,000. We use the Detectron2 [74] framework
with default data augmentation. The data augmentation includes scale jitter with a short
edge of (640, 672, 704, 736, 768, 800) pixels and a long edge no more than 1,333 pixels
horizontal flipping. In the Region Proposal Network (RPN), we sample 256 anchors with a
1:1 ratio between foreground and background to compute the RPN loss and choose 512 ROI-
aligned proposals per image with a 1:3 foreground-background ratio for later predictions.
Based on LVIS [16], the prediction threshold is reduced from 0.05 to 0.0, and we set the top
300 bounding boxes as prediction results. This setting is widely used in LVIS training and
evaluation. For all the experiments, we report the average results of three independent runs

of model training. The variances in AP are generally small (approximately 0.1-0.2).
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Method Use RFS AP (%) APsy APy AP, AP, APy AP, AP, APp  APppox
Sigmoid - 215 334 229 47 212 28.6 156 293 39 21
Softmax - 21.3 33.1 226 3 212 28.6 158 285 39.2 21
EQL [70] - 23.8 36.3 252 85 252 283 171 314 417 23.5
DropLoss (Ours) - 25.5 38.7 27.2 13.2 279 273 17.7 32.7 43.2 25.1
Sigmoid v 23.8 36.3 252 85 252 283 171 314 417 23.5
Softmax v 24.3 37.8 259 141 243 28.3 165 316 412 238
EQL [70] v 25.5 39 272 167 26.3 281 175 33 43 25
DropLoss (Ours) v 26.4 40.3 28.4 17.3 28.7 272 179 33.1 44 25.8
Method Use RFS AP (%) APsy APy AP, AP, APy AP, AP, APp APppox
Baseline - 16.2 2569 169 o077 126 27 105 2277 327 16.6
EQL [70] - 18.4 28,6 194 25 165 27.4 119 254 35.6 18.9
DropLoss (Ours) - 19.8 30.9 20.9 3.5 20 26.7 12,9 275 37.1 204
Baseline v 18.8 296 199 56 166 271 116 256 35.7 19.2
EQL [70] v 21 327 223 91 201 273 131 285 392 217
DropLoss (Ours) v 22.3 34.5 23.6 124 22.3 265 13.9 299 40 22.9

Table 3.2: Evaluation on LVIS v0.5 (top) and LVIS v1.0 (bottom) validation sets with and
without Repeat Factor Sampling (RFS). Here we use Mask-RCNN and ResNet-50. DropLoss
achieves the best overall AP across both settings.

Comparisons with state-of-the-art methods. In our experiments, we use Mask R-
CNN [21] as our architecture and compare it with two baseline training methods: standard
Mask R-CNN and the equalization loss [70]. To verify that DropLoss is effective across differ-
ent settings, we validate on several different architectures and backbones. We test ResNet50
and ResNet101 [20] as backbones, and compare the Cascades R-CNN [4] as an alterna-
tive architecture to Mask R-CNN [22]. Table 3.1 reports the results, where all methods are
tested using the same experiment settings and environment. We find that DropLoss achieves
improved performance (in terms of overall AP) compared with both baselines across all back-
bones and architectures. We are most interested in the AP., AP., AP; and AR. Although
the AP (frequent) decreases slightly in our method, our AP, (rare) and AP.(common) in-
crease significantly. Our method improves the AP and AR by a large margin, indicating
the overall performance across all categories is improved. In particular, using Mask R-CNN

with ResNet-50 as the backbone, we achieve a 1.7 AP improvement over the state-of-the-art
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Mask RCNN with DropLoss

Figure 3.3: Visual results comparison. Qualitative results of the Mask R-CNN trained with
standard cross-entropy loss (Top) and the proposed DropLoss (Bottom). Instances with
scores larger than 0.5 are shown.

method [70] (winner of the LVIS 2019 challenge). Across all the settings, compared with the
baselines, DropLoss can more successfully balance the tradeoff between rare and frequent

categories, resulting in better performance in the long-tailed distribution dataset.

3.4.3 Incorporating with Resampling Methods.

Here we show that our approach can be combined with state-of-the-art resampling meth-
ods to improve learning long-tailed distribution further. Specifically, we adopt the Repeat
Factor Sampling (RFS) [16] that uses the number of images per category to determine the
sampling frequency. Table 3.2 shows the quantitative comparisons of different loss function
choices on the LVIS v0.5 validation set.! We find that applying RFS generally improves the

performance of all the methods. The proposed DropLoss compares favorably against other

!Note that the EQL results (25.5 AP) are not consistent with the reported results (26.1 AP). We use the
public implementation without changes and report the average over 3 runs. The difference may be due to
number of GPUs used for training, resulting in different batch normalization. For fair comparisons, we use
the same hardware and experimental setting to train all models.
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baseline methods either with or without using RFS. Note that the RFS method rebalances
based on overall data distribution, while DropLoss reweights the loss based on statistics in
the each batch. The complementary nature of the two methods may explain why integrating

RFS and the DropLoss leads to improved results.

3.4.4 Measuring the Frequent-rare Category Performance Trade-
off.

Methods for learning long-tail distribution often involve a tradeoff between accuracy on
rare, common, and frequent categories. Here we wish to quantify this tradeoff for various
methods. We compare our proposed DropLoss against three baselines: equalization loss [70],

background equalization loss, and fixed drop ratio.

Equalization loss and DropLoss have no tunable hyperparameters. Background equalization
loss has the log base as a tunable hyperparameter. A fixed drop ratio has the drop ratio
as a hyperparameter. These methods may be adjusted to measure the tradeoff between
object categories. We can use the Pareto Frontier from multi-objective optimization to
visualize this tradeoff, as seen in Figure 3.4. We observe that for reweighting methods with
tunable hyperparameters, improvement in rare AP, or common AP, generally leads to a rapid
decrease in frequent AP;. Our proposed DropLoss does not have tunable hyperparameters,
but Figure 3.4 demonstrates that DropLoss balances more effectively between AP,, AP, and

APy, resulting in higher overall AP than other baselines.

DropLoss adapts to the sampling distribution so that if a rare category appears in a given
batch, its loss is less likely to be dropped. However, if a rare category does not appear
in a batch, the chance of its loss being dropped is very high. This allows the network

to dynamically attend to the categories that it sees in a given batch, decreasing drop loss
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probability selectively for only those categories. We postulate that this allows the network

to achieve a better overall balance between frequent and infrequent categories.

3.4.5 Quantitative Comparison Between the DropLoss and Our

Proposed Baseline BEQL.

To validate that the DropLoss provides better pareto-efficiency over BEQL, in Table 3.3, we
compare the DropLoss with two best-performing results (in term of overall AP) from BEQL.
DropLoss still offers overall better performance (not only in AP but also in AR) despite not

sweeping the parameters on the validation set to find the best performance as in BEQL.

Method AP (%) APr APC APf APbeX AR

BEQL (b=4) 252 14.6 28.1 259 249 34.1
BEQL (b=05) 25.1 13.4 27.4 26.9 248 34.3
DropLoss 25.5 13.2 27.9 27.3 25.1 34.8

Table 3.3: Comparison between DropLoss and two top-performing results from our another
proposed method BEQL. Evaluation on LVIS v0.5 validation set. DropLoss offers overall
better performance (in both AP and AR) compared with the BEQL baseline.

3.4.6 Visual Results.

Figure 3.3 demonstrates the results on a dense instance segmentation example containing
common/rare category. For example, the goose in the first image is a ‘common’ object
category. We demonstrate the suppression of these less-frequent categories, as most of the
geese in this image are classified as background or with low confidence. In contrast, training

the model with the proposed loss correctly identifies all geese as foreground, and predicts
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category “goose” with high confidence and other waterbirds with lower confidence. Despite
the stochastic removal of rare and common category losses for background proposals, we
find that the network does not misclassify background regions as foreground. The distinc-
tion between background and foreground is likely less difficult to learn than the distinction
between foreground image categories, so reducing background gradients does not appear to
significantly affect background /foreground classification. By reducing the suppression of rare
and common categories via background predictions, our method allows for rare and common

categories to improve prediction scores, decreasing bias towards frequent categories.

EQL | EQL

281 ° ‘ 281
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DropLoss DropLoss
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Figure 3.4: Comparison between rare, common, and frequent categories AP for baselines and
our method. We visualize the trade-off for ‘rare vs. frequent’ and ‘common vs. frequent’ as a
Pareto frontier, where the top-right position indicates an ideal trade-off between objectives.

DropLoss achieves an improved trade-off between object categories, resulting in higher overall
AP.

3.4.7 Ablation Study

Measuring the balance. Long-tail distribution methods often involve a trade-off between
accuracy on rare, common, and frequent categories, so we wish to quantify this trade-off for
various methods. We compare our proposed DropLoss against three baselines: equalization
loss [70], background equalization loss, and fixed drop ratio. Equalization loss and DropLoss

have no tunable hyperparameters. Background equalization loss has the log base as a tun-
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(a) Mask R-CNN (b) DropLoss (Ours)

Figure 3.5: Qualitative results of a Mask R-CNN baseline and b the proposed DropLoss.
Instances with score > 0.5 are shown. DropLoss adaptively removes background proposal
losses of rare and common categories to reduce bias towards misclassifying these objects as
background. In this case, the common category ‘goose’ is misclassified as background in a,
and correctly identified in b.

able hyperparameter. A fixed drop ratio has the drop ratio as a hyperparameter, so these
methods may be adjusted to measure the trade-off between object categories. We can use the
Pareto Frontier graph from multi-objective optimization to visualize this trade-off, as seen
in Figure 3.4. We observe that for the reweighting methods with tunable hyperparameters,
improvement in rare AP, or common AP, generally leads to a decrease in frequent AP;. Our
proposed DropLoss does not have tunable hyperparameters, but Figure 3.4 demonstrates
that DropLoss balances more effectively between AP,, AP, and AP, resulting in a higher
overall AP than our baselines. DropLoss adapts to the sampling distribution so that if a
rare category appears in a given batch, its loss is less likely to be dropped. However, if a
rare category does not appear in a batch, the chance of its loss being dropped is very high.
This allows the network to dynamically attend to the categories that it sees in a given batch,
decreasing drop loss probability selectively for only those categories. We postulate that this

allows the network to achieve a better overall balance.
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Qualitative results. Figure 3.5 demonstrates the results on a dense instance segmentation
example containing common category “goose”. Figure 3.5a demonstrates the suppression of
less-frequent categories, as most of the geese in this image are classified as background or
with low confidence. In contrast, Figure 3.5b correctly identifies all geese as foreground,
and guesses category “goose” with high confidence and other waterbirds with lower confi-
dence. Despite the stochastic removal of rare and common category losses for background
proposals, we find that the network does not misclassify background regions as foreground.
The distinction between background and foreground is likely less difficult to learn than the
distinction between foreground image categories, so reducing background gradients does not
appear to significantly affect background/foreground classification. By reducing the sup-
pression of rare and common categories via background predictions, our method allows for
rare and common categories to improve prediction scores, decreasing bias towards frequent

categories.

3.5 Conclusions

Through analysis of the loss gradient distributions over rare, common, and frequent cat-
egories, we discovered that disproportionate background gradients suppress less-frequent
categories in the long-tailed distribution problem. To address this problem, we propose
DropLoss, which balances the background loss gradients between different categories via ran-
dom sampling and reweighting. Our method provides a sizable performance improvement
across different backbones and architectures by improving the balance between object cate-
gories in the long-tail instance segmentation setting. We focus on the challenging problem of
instance segmentation, but we expect that DropLoss may be applicable to other perception

problems with long-tailed distributions. We leave this exploration to future work.



Chapter 4

Summary

In this thesis, we investigated methods of improving data efficiency for image generation and
instance segmentation. We presented a method of adapting pre-trained GANs to new do-
mains while maintaining diversity (originally published in Robb et al. [62]). We use SVD of
factorized weights to extract a small, semantically meaningful set of weights for fine-tuning,
and show that this strategy allows for flexible adaptation with preservation of diversity and
realism. We also demonstrated a method of improving long-tail performance for instance
segmentation (originally published in Hsieh et al. [28]). We observed that the background
class predictions disproportionately suppress less-frequent categories, and develop an adap-
tive method of loss rebalancing based on random sampling and reweighting. Our method
demonstrates a significant performance improvement across different architecture setting in
the long-tail instance segmentation setting. We believe that developing new methods for
data-efficient vision and learning is essential for safe, practical application of state-of-the-art

research methods to real-world scenarios. We leave this exploration to future work.
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