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Abstract

CutMix is a data augmentation strategy that cuts and pastes
image patches to mixup training data. Existing methods pick
either random or salient areas which are often inconsistent
to labels, thus misguiding the training model. By our knowl-
edge, we integrate human gaze to guide cutmix for the first
time. Since human attention is driven by both high-level
recognition and low-level clues, we propose a controllable
Top-down Attention Guided Module to obtain a general artifi-
cial attention which balances top-down and bottom-up atten-
tion. The proposed TdATttenMix then picks the patches and
adjust the label mixing ratio that focuses on regions relevant
to the current label. Experimental results demonstrate that
our TdAttenMix outperforms existing state-of-the-art mixup
methods across eight different benchmarks. Additionally, we
introduce a new metric based on the human gaze and use this
metric to investigate the issue of image-label inconsistency.

Code — https://github.com/morning12138/TdAttenMix

1 Introduction

Thanks to large amount of data, Deep Neural Net-
works (DNNs) have achieved significant success in recent
years across a variety of applications, including recogni-
tion (Dosovitskiy et al. 2021; Zang et al. 2022; Cui et al.
2022; Tan et al. 2022; Chen, Fan, and Panda 2021), graph
learning (Xia et al. 2022; Wu et al. 2023; Cheng et al. 2022),
and video processing (Liu et al. 2021a; Cui et al. 2021; Liu
et al. 2021b; Zhao et al. 2022). However, the data-hungry
problem (Dosovitskiy et al. 2021; Touvron et al. 2021a)
leads to overfitting when the training data are scarce. There-
fore, a series of data augmentation techniques called mixup
are proposed to alleviate this issue and enhance DNNs’ gen-
eralization capabilities. Among them, CutMix (Yun et al.
2019) is an effective strategy that randomly crops a patch
from the source image and pastes it into the target image.
The label is then mixed by the source and target labels in
proportion to the crop area ratio.

Since the randomness in CutMix (Yun et al. 2019) ignores
the spatial saliency, a group of saliency-based variants (Ud-
din et al. 2021; Kim, Choo, and Song 2020; Walawalkar
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Figure 1: Left: SaliencyMix vs. TdAttenMix. Since Salien-
cyMix selects to crop the patch with the most salient region,
it is distracted by irrelevant dark stone. Our TdAttenMix
balances top-down and bottom-up attention and thus picks
salient areas consistent with the dog label. Right: Traing
time vs. accuracy with Deit-S on ImageNet-1k. TdAtten-
Mix improves performance without the heavy computational
overhead.

et al. 2020; Liu et al. 2022¢; Dabouei et al. 2021; Chen
et al. 2023) leverage the bottom-up attention as a supervi-
sory signal. Bottom-up attention operates on raw sensory in-
put and orients attention towards visual features of potential
importance to calculate the saliency. This process only dis-
covers what is where in the world (Schwinn et al. 2022),
which equally looks for all salient regions in the raw sen-
sory input. Therefore, existing saliency-based variants based
on bottom-up attention are easily distracted by high saliency
regions that are, in fact, irrelevant to the target label. For
instance, the source image of Figure 1 is dog, but Salien-
cyMix (Uddin et al. 2021) become distracted by the dark
rock and crops the background, including only part of the
dos’s ear.

Human vision entails more than just the determination of
what is where; it involves the development of internal repre-
sentations that facilitate future actions. For instance, psycho-
logical research (Buswell 1935; Yarbus 2013; Belardinelli,
Herbort, and Butz 2015) found that human gaze, initially
guided by bottom-up features, can be strongly influenced by
the task at hand. Consequently, recent research proposes top-
down mechanisms (Shi, Darrell, and Wang 2023; Schwinn
et al. 2022) showing effectiveness in modeling human gaze
patterns such as scanpaths (Schwinn et al. 2022) and in en-
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Figure 2: The framework of TdAttenMix. (1)Task Adaptive Attention Guided CutMix: compute the task adaptive attention
map via manipulating the bottom-up attention using our proposed Top-down Attention Guided Module and then uses the task
adaptive attention map to crop the patch. (2)Area-Attention Label Mixing: adjust label mixing based on the ratio of attention

and area.

hancing downstream recognition tasks like classification and
Vision Question Answering (VQA) (Shi, Darrell, and Wang
2023). For data mixing techniques, the labels of original data
can be used naturally as the task at hand and the execution
logic of human gaze can be modeled by the bottom-up fea-
tures from the original image in conjunction with the high-
level guidance of the original label.

In this paper, inspired by the task guided mechanism of
human gaze, we extend the saliency-based CutMix to a gen-
eral framework that balances top-down and bottom-up at-
tention to cut and mix the training samples. Bottom-up at-
tention learns features from the original input and looks for
all salient regions while top-down attention uses characteris-
tics of the category as the current task to adjust attention. As
illustrated in Figure 1, our top-down attention mixup (TdAt-
tenMix) crops the exemplary head region of the dog image
and pastes it on the background area of the target bird image
and finally obtains an image-label consistent mixed data that
differs significantly from mixed data generated by Salien-
cyMix.

As portrayed in Figure 2, our TdAttenMix involoves
two steps: Task Adaptive Attention Guided CutMix and
Area-Attention Label Mixing. The first step generalizes the
bottom-up attention of saliency-based CutMix to the task
adaptive attention via our proposed Top-down Attention
Guided Module. When mixing the image, we use Max-Min
Attention Region Mixing (Chen et al. 2023) to select maxi-
mum attention region from a source image and paste it onto
the region with the minimal attention score in a target image.

The second step determines the label mixing with Area-
Attention Label Mixing module. Unlike the conventional ap-
proach of area-based label assignment, this module incorpo-
rates the area ratio of the mixed image along with the atten-
tion ratio of the task adaptive attention map. In the end, our
TdAttenMix framework produces the mixed training sample
(znr,yn) in Figure 2.

The saliency-based CutMix variants aim to produce a suf-
ficient amount of image-label consistent mixed data. As far
as current knowledge allows, existing methods lack a quan-

8233

titative approach to assess image-label inconsistency. The
core of quantitative analysis lies in establishing the correct
ground-truth for label assignment. Motivated by the notion
that gaze mirrors human vision (Huang et al. 2020), we pro-
pose to use gaze attention on the ARISTO dataset (Liu et al.
2022b) which collects the real gaze of participants when
performing fine-grained recognition tasks. This data will be
used to create mixed labels, serving as the ground truth to
investigate the issue of image-label inconsistency.
The contribution of this paper is three-fold:

e By our knowledge, this paper for the first time proposes
a Top-down Attention Guided Module to integrate hu-
man gaze for an artificial attention that balances both top-
down and bottom-up attention to crop the task-relevant
patch and adjust the label mixing ratio.

Extensive experiments demonstrate the TdAttenMix
boosts the performance and achieve state-of-the-art top-
1 accuracy in CIFAR100, Tiny-ImageNet, CUB-200 and
ImageNet-1k. Moreover, as shown in Figure 1, our TdAt-
tenMix can achieve state-of-the-art top-1 accuracy with-
out the heavy computational overhead.

We quantitatively explore the image-label inconsistency
problem in image mixing. The proposed method effec-
tively reduces the image-label inconsistency and im-
proves the performance.

2 Related Work
2.1 CutMix and its variants

CutMix (Yun et al. 2019) randomly crops a patch from
the source image and pastes it onto the corresponding lo-
cation in the target image, with labels being a linear mix-
ture of the source and target image labels proportionate
to the area ratio. Since random cropping ignores the re-
gional saliency information, researchers leverage a series of
saliency-based variants based on bottom-up attention. At-
tentiveMix (Walawalkar et al. 2020) and SaliencyMix (Ud-
din et al. 2021) guide mixing patches by saliency regions in
the image (based on class activation mapping or a saliency



detector(Montabone and Soto 2010)). Subsequently, Puz-
zleMix (Kim, Choo, and Song 2020) and Co-Mixup (Kim
et al. 2020) propose combinatorial optimization strategies to
find optimal mixup that maximizes the saliency information.
Then AutoMix (Liu et al. 2022c) adaptively generates mixed
samples based on mixing ratios and feature maps in an end-
to-end manner. Inspired by the success of Vision Trans-
former (ViT)(Dosovitskiy et al. 2021), TokenMixup (Choi,
Choi, and Kim 2022) is proposed to adaptive generate mixed
images based on attention map. Moreover, concerning label
assignment, recent studies have also adjusted label assign-
ment by bottom-up attention. TransMix (Chen et al. 2022)
mixes labels based on the class attention score and Token-
Mix (Liu et al. 2022a) assigns content-based mixes labels
on mixed images. Recently, SMMix (Chen et al. 2023) mo-
tivates both image and label enhancement by the bottom-
up self-attention of ViT-based model under training itself.
However, these existing variants, focusing either on enhanc-
ing saliency or adjusting label assignments, are reliant on
bottom-up attention, which is susceptible to being distracted
by salient but label-inconsistent background areas. To re-
lieve label inconsistency, we introduce task adaptive top-
down attention into CutMix variants for the first time and
propose our framework TdAttenMix.

2.2 Computational modeling of Attention

Computational modeling of human visual attention inter-
sects various disciplines such as neuroscience, cognitive
psychology, and computer vision. Biologically-inspired at-
tention mechanisms can enhance the interpretability of ar-
tificial intelligence (Vuyyuru et al. 2020). The attention
can be categorized into bottom-up and top-down mecha-
nisms (Connor, Egeth, and Yantis 2004). Initially, the focus
was primarily on computational modeling of bottom-up at-
tention. Based on the Treisman’s seminal work describing
the feature integration theory (Treisman and Gelade 1980),
current approaches assume a central role for the saliency
map. Within the theory, attention shifts are generated from
the saliency map using the winner-take-all algorithm (Koch
and Ullman 1985). Consequently, the majority of studies
have focused on improving the estimation of the saliency
map (Borji and Itti 2012; Riche et al. 2013). Recently self-
attention (Dosovitskiy et al. 2021) is a stimulus-driven ap-
proach that highlights all the salient objects in an image, rep-
resenting a typical bottom-up attention mechanism. With the
advent of increasingly large eye-tracking datasets (Liu et al.
2022b; Jiang et al. 2015), researchers have been inspired
to explore task-guided top-down attention. Shi et al. (Shi,
Darrell, and Wang 2023) propose a top-down modulated
ViT model by mimicking the task-guided mechanism of
human gaze. Shiwinn et al. (Schwinn et al. 2022) impose
a biologically-inspired foveated vision constraint to neural
networks to generate human-like scanpaths without training
for this object. As for CutMix variants, previous saliency-
based methods have utilized bottom-up attention to opti-
mize cropping regions, whereas we explore the use of task-
adaptive top-down attention to obtain a cropped region that
is more consistent with the label.
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3 Preliminary

CutMix augmentation. CutMix (Yun et al. 2019) is a sim-
ple data augmentation technique that combines two pairs of
input and labels. x and y represent a training image and its
corresponding label, where z € R XWX To create a new
augmented training sample (zpr, yar), CutMix (Yun et al.
2019) utilizes a source image-label pair (x 4,y 4) and a tar-
get image-label pair (zp,yp). Mathematically, this can be
expressed as follows:

$1\/[:M®$A+(1—M)®'IB (1)

Ym = /\ryA + (1 - )\r)yB (2)

M € {0,1}7*W denotes a rectangular binary mask that
indicates where to drop or keep in the two images, ® is

element-wise multiplication, and A, indicates the area ratio

_xM

of 24 in mixed image z s, i.e., A\ = Sy

4 Framework of TdAttenMix

This section formally introduces our TdAttenMix, a gen-
eral image mixing framework that balances top-down and
bottom-up attention to simulate the task-guided mechanism
of human gaze to crop the patch and adjust the label mix-
ing ratio. Figure 2 illustrates an overview of our proposed
TdAttenMix. Details are given below.

4.1 Task Adaptive Attention Guided CutMix

We want to simulate the execution logic of human gaze,
which is initially guided by bottom-up features and then
strongly influenced by the current task.

Bottom-up Attention. We divide the source image x4
and the target image z g into non-overlapping patches of size
P x P. Each image yields a total of N = % X % patches.
Consequently, 4 and zp are restructured as ta,tp €

RNV (P ZC), where each row corresponds to a token and d =
P2C. As illustrated in Figure 2, we follow SMMix (Chen
et al. 2023) which obtains the attention map across all the
image tokens for the bottom-up attention (Dosovitskiy et al.
2021). We obtain @) = tw,, K = twy, and V' = tw,, where
wy € R4Xd 4y, € RE%? and w, € R4xd represent the
learnable parameters of the fully-connected layers.
Top-down Attention Guided Module. The Top-down
Attention Guided Module we propose is depicted in Fig-
ure 3. The current task at hand is the classification task. Then
we extract the corresponding parameters w;q € R**! from
the final fully-connected layer of Vision Transformer, which
is based on the current label. The parameter matrix from this
layer mirrors the relationship between feature and category
mapping. Thus, we can acquire the high-level guidance V34
tied to a specific category by calculating it with the image
feature t. The theory that top-down attention can be imple-
mented by simply augmenting V;4 to V with K and @ re-
maining constant was introduced by Shi et al. (Shi, Darrell,
and Wang 2023). We ensure that the dimensionality of V;4
and V is consistent through broadcasting. Furthermore, we
accommodated a tunable parameter called balanced factor o
within our framework to manage the top-down features V;,.
If 0 = 0, our attention map correlates with the preceding
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Figure 3: To simulate the top-down mechanism, we designed
the Top-down Attention Guided Module by using the image
label as the high-level task information to guide image fea-
ture generation, resulting in what we refer to as the “top-
down signal.” This top-down signal then constrains bottom-
up attention to focus on regions related to the image label.

bottom-up attention utilized by SMMix (Chen et al. 2023).
If 0 = 1, the attention map is finalized by integrating the
bottom-up features with the top-down features. As a result,
we calculate the task adaptive balanced attention as follows:

Via = 0 X broadcast(tw;q) 3)
V=V+Vyq “

. OKT
Attention(Q, K, V') = Softmazx( NE)

Nz

Subsequently, the resulting task adaptive attention maps,
ay € R?*% and ap € R? > corresponding to x4 and
xp, are obtained after reshaping operation. Now our atten-
tion map is task adaptive which focuses on the object in-
dicated by the current task while ignoring irrelevant high
saliency objects. The criterion for cropping is determined
by the sum of attention scores within a given region. Then
we identify the region with maximum attention scores in
the source image, and the region with the minimal attention
sources in the target image. Specifically, the center indices
are defined as:

W
s, Js = aTgmal'ZO(:Lp L&), 5+p—1%] ©)
] a
R W
itajt = argminzag_p [3].5+p LQJ (7)

“ pg

h=02],w=[6%].0 =Uniform(0.25,0.75), p €
{0,1,....h — 1}, and ¢ € {0,1,...,w — 1}. Then we use
Max-Min Attention Region Mixing (Chen et al. 2023) which
uses the maximum attention region to replace the minimal
attention region to obtain the new mixed training image x s
as follows:

®)
©))
To verify the validity of the obtained mixed image z,/,

we examined the prediction accuracy on the mixed image
. As graphically represented in Figure 4, the prediction

Ty =TB
itp— % ta— %] istp—|%]dsta—1 %]
L g =Ty
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Figure 4: Top-1 accuracy of mixed data. Prediction is
counted as correct if the top-1 prediction belongs to
{ya, yp}; Top-2 accuracy is calculated by counting the top-
2 predictions are equal to {ya,yp}. A indicates the area
ratio of x4 in mixed image z ;.

accuracy of mixed samples can be significantly improved
by our method. Notably, for the top-2 accuracy, our TdAt-
tenMix achieves 20.92% while SaliencyMix (Uddin et al.
2021) only reaches 10.00%. This demonstrates that we ob-
tain a mixed image consistent with the labels of source and
target images.

4.2 Area-Attention Label Mixing

To enhance the precision of the mixed label s, based on the
area ratio (Eq. 2) used by CutMix (Yun et al. 2019), we ad-
just the area ratio using the attention scores of a4 and o p at
their respective positions within the mixed image x ;. More
specifically, the final mixing ratio A are defined as follows:

hwP?
A, = 10
i (10)
Aty = Za:+p—L%J7js+q—L%J (1n
P,q
- B i+p—| 4] +q— %]
AttB —ZO[B ZO[B (12)
D.q
Att 4
- /4 13
T Atty + Attp 4
A= B+ (1 B)Aa (14)

A is the area ratio of x 4 in mixed image x s, Att and
Attpg is the sum of the task adaptive attention scores at the
positions corresponding to z,s in a4 and ap, A, is the at-
tention ratio of x 4 in mixed image x s, 8 = 0.5, A is the final
mixing ratio of x 4 in the mixed image x ;. The final mixed
label yp is then defined as follows:

ym = Mya+ (1 - Nys (15)

Then we obtain the new mixed training sample (zas, yar)-

4.3 Training Objective

Our TdAttenMix framework is independent on any train-
ing model and can be used on various mainstream struc-
tures. When deployed on a ResNet-based architecture, we
employ the standard classification loss and the consistency
constraint losses proposed in SMMix (Chen et al. 2023). The



traditional classification loss is defined as follows, where
Y is the prediction distribution of mixed images. :

Los =CE(Ym,ym)

Then we require feature consistency constraint
losses (Chen et al. 2023), which help features of the
mixed images fall into a consistent space with those of the
original unmixed images. The feature consistency constraint
losses in our TdAttenMix is:

Lcon = Ll(YJWa A}/A + (1 - )‘)YB)

(16)

7

Y4 and Y5 is the prediction distributions of unmixed im-
ages = 4 and x . Overall, the training loss is then written as
follows:

Liotar = Leis + Leon (18)

When deployed on a ViT-based architecture, we use the
same loss function like SMMix (Chen et al. 2023), which
proves to be effective in learning features for mixed samples:

1
Line = 5(0E<YAa ya) + CE(Yp,yB)) (19)

Liotat = Leis + Lfine + Leon (20)

S Experiments

We evaluate TdAttenMix in four aspects: 1) Evaluating im-
age classification tasks on eight different benchmarks, 2)
transferring pre-trained models to two downstream tasks, 3)
Evaluating the robustness on three scenarios including oc-
clusion and two out-of-distribution datasets. (4) In addition,
we have conducted the first quantitative study on the effec-
tiveness of saliency-based methods in reducing image-label
inconsistency. Our TdAttenMix is highlighted in gray, and
bold denotes the best results.

5.1 Small-scale Classification

In small-scale classification we use ResNet-18 (He et al.
2016) and ResNext-50 (Xie et al. 2017) to compare the
performance. Hyperparameter settings are in the section 1
of the Supplementary. Table 1 shows small-scale classi-
fication results on CIFAR-100, Tiny-ImageNet and CUB-
200. Compared to the previous SOTA methods, TdAttenMix
consistently surpasses AutoMix (+0.08~ +0.84), PuzzleMix
(+1.18 ~ +2.97), MainfoldMix (+0.34 ~ +3.35) based on
various ResNet architectures. Moreover, TdAttenMix no-
ticeably exhibits a significant gap with SaliencyMix (+2.50
~ +4.25).

5.2 ImageNet Classification

Table 1 validates the performance advantage of TdAtten-
Mix over other methods. In particular, TdAttenMix boosts
the top-1 accuracy by more than +1% in ResNet-18 (He
et al. 2016) and Deit-S (Touvron et al. 2021b) compared
with the SaliencyMix baseline and achieves the sota result. It
can be noted that TransMix, TokenMix and SMMix also ex-
hibit good top-1 accuracy, but they are limited to ViT-special
methods, causing them incompatible with all mainstream
architectures (e.g., ResNet). We provide more comparisons
with ViT-special methods in Section 2 of the Supplementary,
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and additional experiments have proven the effectiveness of
our TdAttenMix. On the contrary, our TdAttenMix is an in-
dependent data argumentation method which is compatible
with mainstream architectures.

5.3 Downstream Tasks

Semantic segmentation. We use ADE20k (Zhou et al.
2017) to evaluate the performance of semantic segmentation
task. ADE20k is a challenging scene parsing dataset cover-
ing 150 semantic categories, with 20k, 2k, and 3k images
for training, validation and testing. We evaluate DeiT back-
bones with UperNet (Xiao et al. 2018). As shown in Table 2,
TdAttenMix improves Deit-S for +1.6% mloU and +2.5%
mAcc.

Weakly supervised automatic segmentation (WSAS).
We compute the Jaccard similarity over the PASCAL-
VOC12 benchmark (Everingham et al. 2015). The attention
masks generated from TdAttenMix-DeiT-S or vanilla DeiT-
S are compared with ground-truth on the benchmark. The
evaluated scores can quantitatively help us to understand if
TdAttenMix has a positive effect on the quality of attention
map. As shown in Table 2, TdAttenMix improves Deit-S for
+3.3%.

5.4 Robustness Analysis

Robustness to Occlusion. Naseer et al. (Naseer et al. 2021)
studies whether ViTs perform robustly in occluded scenar-
ios, where some of most of the image content is missing.
Following (Naseer et al. 2021), we showcase the classifi-
cation accuracy on ImageNet-1k validation set with three
dropping settings. (1) Random Patch Dropping. (2) Salient
(foreground) Patch Dropping. (3) Non-salient (background)
Patch Dropping. As depicted in Figure 5, Deit-S augmented
with TdAttenMix outperforms the standard Deit-S across all
occlusion levels.

Out-of-distribution Datasets. We evaluate our TDAtten-
Mix on two out-of-distribution datasets. (1) The ImageNet-
A dataset (Hendrycks et al. 2021). The metric for assess-
ing classifiers’ robustness to adversarially filtered exam-
ples includes the top-1 accuracy, Calibration Error (Cal-
ibError) (Hendrycks et al. 2021; Kumar, Liang, and Ma
2019), and Area Under the Response Rate Accuracy Curve
(AURRA) (Hendrycks et al. 2021). (2) The ImageNet-
O (Hendrycks et al. 2021). The metric is the area under the
precision-recall curve (AUPR) (Hendrycks et al. 2021). Ta-
ble 3 indicates that TdAttenMix can have consistent perfor-
mance gains over vanilla Deit-S on the out-of-distribution
data.

5.5 Image-label Inconsistency Analysis

Previous image mixing methods did not quantitatively vali-
date the image-label inconsistency.Motivated by the fact that
gaze reflects human vision (Huang et al. 2020), we pro-
pose using the mixed label, which is based on gaze atten-
tion, as the ground-truth to validate the problem of image-
label consistency. For our experiments, we utilize ARISTO
dataset (Liu et al. 2022b) and the corresponding raw images.
Since A determines the mixed label, the image-label incon-
sistency can be represented by the difference between the A



Dataset CIFAR100 Tiny-ImageNet CUB-200 ImageNet-1k

Network R-18 RX-50 R-18 RX-50 R-18 RX-50 | R-18 Deit-S
Vanilla (Li et al. 2023) 78.04 81.09 61.68 6504 77.68 83.01 | 70.04 75.70
SaliencyMix (Uddin et al. 2021) 79.12 81.53 64.60 66.55 77.95 83.29 69.16  79.88
MixUp (Zhang et al. 2018) 79.12  82.10 63.86 6636 7839 8458 | 69.98 79.65
CutMix (Yun et al. 2019) 78.17 81.67 65.53 66.47 78.40 85.68 68.95 79.78
MainfoldMix (Verma et al. 2019) 80.35 82.88 64.15 6730 79.76 86.38 | 69.98 -
SmoothMix (Lee et al. 2020) 78.69  80.68  66.65 69.65 - -

AttentiveMix (Walawalkar et al. 2020) 7891  81.69  64.85 67.42 - - 68.57  80.32
PuzzleMix (Kim, Choo, and Song 2020) 81.13  82.85 6581 67.83 78.63 8451 | 70.12 80.45

Co-Mixup (Kim et al. 2020) 81.17 8291 65.92 -

GridMix (Baek, Bang, and Shim 2021)  78.72  81.11  65.14  66.53 - - - -
TransMix (Chen et al. 2022) - - - - - - - 80.68
TokenMix (Liu et al. 2022a) - - - - - - - 80.80

SMMix (Chen et al. 2023) - - - - - - - 81.08
AutoMix (Liu et al. 2022c¢) 82.04 83.64 6733 7072 79.87 86.56 | 70.50 80.78
TdAttenMix (Ours) 8236 84.03 6747 7080 80.71 86.72 | 70.74 81.19
Gain +3.24  +2.50  +2.87 +4.25 +2.776  +3.43 | +1.58  +1.31

Table 1: Image classification top-1 accuracy (%) on CIFAR-100, Tiny-ImageNet, CUB-200 and ImageNet-1k. We get the per-
formance of previous methods from the OpenMixup (Li et al. 2023) benchmark. Gain: indicates the performance improvement
compared with SaliencyMix.
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Figure 5: Robustness against occlusion. Model robustness against occlusion with different information loss ratios is studied.
3 patch dropping settings: Random Patch Dropping (left), Salient Patch Dropping (middle), and Non-Salient Patch Dropping
(right) are considered.

Semantic segmentation WSAS Nat. Adversarial Example  Out-of-Dist

Models mloU (%) mAcc (%) Segmentation JI (%) Models Top-1 Acc.Calib-ErrorJAURRA AUPR

Deit-S 31.6 44.4 29.2 Deit-S 19.1 32.0 23.8 20.9
TdAttenMix-Deit-S  33.2 46.9 32.5 TdAttenMix-Deit-S  22.0 304 29.7 22.0

Gain +1.6 +2.5 +3.3 Gain +2.9 +1.6 +5.9 +1.1

Table 2: Downstream tasks. Transferring the pre-trained Table 3: Model’s robustness against natural adversarial ex-
models to semantic segmentation task using UperNet with amples on ImageNet-A and out-of-distribution examples on
DeiT backbone on ADE20k dataset; Segmentation JI de- ImageNet-O.

notes the jaccard index for weakly supervised automatic seg-
mentation (WSAS) on Pascal VOC.

saliency-based methods. Our TdAttenMix are +7.8 higher

and ground truth A4, obtained by gaze attention for the same than random based CutMix (Yun et al. 2019). The result of
mixed image. So we define the metrics as: TdAttenMix-Bottom-up using only bottom-up attention is
Inconsistency = [Ags — Al @1 close to the results obtained by SaliencyMix (Uddin et al.

gt 2021). This may be due to neither TdAttenMix-Bottom-

Ag¢ 18 calculated based on the real human gaze, A is up nor SaliencyMix has task adaptive ability, thus image-
calculated based on different CutMix variants. As shown label inconsistency will be stronger than our TdAttenMix.
in Table 4, the inconsistency is effectively reduced for These experimental findings strongly support the notion that
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Method Inconsistency.
CutMix (Yun et al. 2019) 26.2
SaliencyMix (Uddin et al. 2021) 18.9
TdAttenMix-Bottom-up 19.0
TdAttenMix 18.4
Gain +7.8

Table 4: Image-label inconsistency of different saliency-
based CutMix variants. TdAttenMix-Bottom-up represents
the settings of o to O to control the task adaptive balanced
attention of TdAttenMix as the standard bottom-up atten-
tion. Gain: reduction of error.

Mixed Image

Image B

Input

gy |
CutMix CAM for
1st Class

18

", -
TdAttenMix L CAM for
L 2nd Class §
T

Figure 6: We show the class activation map (Selvaraju et al.
2017) of the models trained with CutMix and TdAttenMix
by testing on unmixed and mixed images, respectively. Left:
locate objects in the unmixed images. Right: locate objects
in the mixed images.

saliency-based CutMix variants enhance training by mitigat-
ing image-label inconsistency, with top-down attention be-
ing more effective than bottom-up attention.

5.6 Visualization

In Figure 6, we visualize the class activation map (Selvaraju
et al. 2017) of the models trained with CutMix and TdAt-
tenMix. As shown in the left of Figure 6 that the TdAt-
tenMix can locate object with more precision than the Cut-
Mix model in the unmixed images. Furthermore, the right
of Figure 6 shows that for the mixed images, the TdAtten-
Mix model can accurately locate objects from two differ-
ent images. On the contrary, CutMix model focuses only on
the class of image A. Our TdAttenMix is guided by task
adaptive attention, which ensures that the information in the
training data is sufficient enabling superior recognition ca-
pacity for mixed images.

5.7 Ablation Study

We conduct an ablation study to analyze our proposed TdAt-
tenMix. We use ResNet-18 (He et al. 2016) as the backbone
and train it on CUB-200 (Wah et al. 2011).

Control of Task Adaptive Balanced Attention. Our
TdAttenMix balances top-down and bottom-up attention by
adjusting the top-down signal V.4, enabling a shift from
standard bottom-up to top-down attention. We evaluate three
different task adaptive balanced attention strategies: 1) o =
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Model Top-1 Acc.(%)
80.31
80.60
80.71
80.29
79.89

79.50

ResNet-18 (He et al. 2016)

o
-lkwtx)»—t-uloq

Table 5: Control of task adaptive balanced attention. As
shown in Eq. 3, the task adaptive balanced attention can
be controlled by o which when o = 0 represents standard
bottom-up attention.

Model I5} Top-1 Acc.(%)
0 80.20
0.3 80.29
0.5 80.71
ResNet-18 (He et al. 2016) 07 80.19
1 80.27
random 80.29

Table 6: Mix ratio 3 of area-attention label mixing.

0,2)0 =05,3)c =1,4)0 =2,50=3,6)0 = 4.
These strategies represent a gradual increase in task adap-
tive ability when bottom-up features are sufficient. This is
consistent with the execution logic of human gaze, in which
the top-down signal on top of the bottom-up features directs
attention to achieve the best results.

Mix ratio § of area-attention label mixing. 5 deter-
mines the ratio of area-attention label mixing. We evaluate
the performance for several values of 3: 1) fixed as 0, which
means only the area ratio is used to mix labels, 2) fixed as
0.3, 3) fixed as 0.5 which assigns equal weighting to the area
ratio and attention ratio, 4) fixed as 0.7, 5) fixed as 1, which
means only the attention ratio is used to mix labels 6) ran-
dom value of 3, which means 8 as a random number be-
tween O and 1. Table 6 shows that the best results are ob-
tained when (3 is set to 0.5.

6 Conclusion

This paper proposes TdAttenMix, a general and effective
data augmentation framework. Motivated by the superior-
ity of human gaze, we simulate the task-guided mechanism
of human gaze to modulate attention. TdAttenMix intro-
duces a new Top-down Attention Guided Module to balance
bottom-up attention for task-related regions. Extensive ex-
periments verify the effectiveness and robustness of TdAt-
tenMix, which significantly improves the performance on
various datasets and backbones. Furthermore, we quantita-
tively validate that our method and saliency-based methods
can efficiently reduce image-label inconsistency for the first
time.
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