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Abstract

Deep Neural Networks (DNNSs) often make predictions based on "spurious" at-
tributes when trained on biased datasets, where most samples have features spuri-
ously correlated with the target labels. This can be problematic if irrelevant features
are easier for the model to learn than the truly relevant ones. Existing debiasing
methods require predefined bias labels and entail computational complexity with
additional networks. We propose an alternative approach inspired by cognitive
science, called Debiasing Global Workspace (DGW). DGW consists of specialized
modules and a shared workspace, allowing for increased modularity and improved
debiasing performance. Additionally, our method enhances the transparency of
decision-making processes through attention masks. We validate DGW across
various biased datasets, proving its effectiveness in better debiasing performance.

1 Introduction

Despite their remarkable performance across many domains [23| |66, (64} 32| |44 [70], Deep Neu-
ral Networks (DNNs) often show poor performance, lacking generalization capability to out-of-
distribution (OOD) data and robustness to biases in their training datasets [S8]]. These biases occur
when irrelevant features, such as background color, correlate with target labels, causing the models to
rely on these features for making predictions [[14]. Specifically, given the biased datasets that possess
many bias-aligned samples (irrelevant features strongly correlate with the labels) and a small number
of bias-conflicting samples (the features that do not align with the labels), models trained on such
data indeed tend to focus on the bias-aligned samples, leading to poor generalization [26, [24]].

Various debiasing approaches have been proposed to prevent a model from relying on spurious
correlations when trained on a biased dataset, such as using auxiliary models[49, 55], re-weighting
samples [42]49], data augmentation [34} 38|, and leveraging biased labels [28} 33| 39, 154]. However,
they struggle with insufficiently diverse samples and require accurate bias identification with manual
labeling [4, 57]].
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Figure 1: The conceptual framework of Debiasing Global Workspace (DGW). (a) When attention
selects inputs from specialists (Step 0), its latent space activation is copied into the DGW and
immediately translated into representations suitable for each module (Step 1). We control which
module is mobilized into the workspace to receive and process the corresponding data effectively.
The classifier * is initiated for intrinsic attributes (Step 2-1), and the classifier b is activated for
learning bias attributes (Step 2-2). (b) Broadcast: The information broadcast in DGW can demonstrate
interpretable representation for attribute learning. (c) Unlike the original GWT, where task definitions
can be preset in Step 0, we address them using our training objectives using relative attribution score.
The generic figure is inspired by [60, Fig. 3], and more details are described in Appendix

In this work, we focus on a completely different way to implement a novel debiasing framework,
inspired by Global Workspace Theory (GWT). While GWT enables to modeling of human con-
sciousness arising from integrating and broadcasting information across specialized, unconscious
processes in the brain [2} 3], many recent studies proposing a deep-learning implementation of
GWT [5 [18] 160} 27] have shown their efficacy in allowing a model to have general-purpose function-
ality, increased modularity, improved performance, and interpretable representation learning. Thus,
we propose a novel GWT instantiation for debiasing, Debiasing Global Workspace (DGW), to elimi-
nate the negative effect of the misleading correlations. Our debiasing approach involves specialized
modules (acting as the specialists in GWT) and an attention-based information bottleneck (acting as
the global workspace in GWT), allowing for achieving straightforward, functional modularity and
effective debiasing performance while providing interpretable representation by visualizing which
attributes are essential for accurate predictions and which are irrelevant and likely to cause errors.

2 Roadmap to Implement Debiasing Global Workspace

This section presents the DGW implementation, which combines existing deep learning components
for effective debiasing frameworks while adhering to neuroscience findings. Additional implementa-
tion details are in Appendix [C|

Two specialized modules and the shared workspace. DGW uses two independent specialists:
the intrinsic attribute encoder ° and the bias attribute encoder b, and produce the concatenated
features E = [ (X); °(x)] 2 RY . To connect specialists and the shared workspace, we define
e 2 fE'; Ebg, where E* = “(x);sg( °(x))] and E? is vice versa, with sg( ) as the stop-gradient
operator. Additionally, we introduce the Global Latent Attention (GLA) module, which acts as a
shared workspace that encourages the synchronization among the input feature vector E via a latent
feature representation Sjyen.



Latent-slot binding speci ¢ to each input. The GLA module uses a set number of latent embed-
dings or latent slot€. These latent slots represent the learnable embedding vectors in the DGW,
and perform competitive attentiofi]] on the input features. We de neSjent 2 f Slens S,atemg 2

RC P whereC' is number of slots for intrinsic features a@d for bias features, witlc = C' + CP.

The attention mechanism uses the following equation:

A (e; SIatent) = softmax LM 2 RC L; (1)

where k; g are linear projection matrices, and the softmax function normalizes the slots, creating
competition among them. The slots are re ned iteratively using the following:

Sl(ant;r:t) =GRU s -Normalize A (e s y> V(E) ; @

Iatent’ laten

where s,a”tent is the latent slot representation afteiterations,GRU [8] is a recurrent neural network,

andv is another liner projection matrix. The initial slcﬂgent are initialized with learnable queries
following [30]. The above computations can be considered to implement a shared global workspace
in [18,127] because they enable different parts of the model to compete for attention, integrating and
broadcasting information similar to GWT.

Broadcast updated information to specialists. Specialists update their states using informa-
tion from the shared workspace. The inverted cross-attention mechanism allows specialists to
query and interact with updated latent slsta% updating their states througte = e

A sl(a”t;ft) e v sfa’};:t) 2 Rt P wherev is a linear projection matrix. Here, as the meaning

of information broadcast, can be instantiated with various computational operations, including a
residual connection [22].

ent

In GWT, the information broadcast through the global workspace is a necessary and suf cient

condition for conscious perceptidf]. Intuitively, the attention masR (sl(;terft) ;@) can be seen as
arti cial phenomenal consciousness, indicating the immediate subjective experience of sensations

and perceptions.

Training Objectives. We have two linear classi ers "and P that take the updated concatenated
vectore from the previous module as input to predict the target lgbeDur training objectives
consist of: i) the relative attribute score learning phase, and ii) the attribute composition phase.

For the relative attribute score learning phase, we de ne two tasks: identifying intrinsic attributes and
biased attributes within the conceptual framework. Without speci ¢ information about bias types,
we utilize the relative dif culty score of each data sample, referringi8).[Speci cally, we train

b S,atem, and b to focus on bias attributes using generalized cross entropy (G&3E)vWhile
' Saenrand ' are trained with the cross entropy (CE) loss. Samples with high CE loss from
b are considered bias-con icting compared to those with low CE loss. Based on the de nition

of the relevance score functioScore(e y), CE( °(e);y)=(CE( '(e);y)+ CE( °(e);y)),

the objective functlom_re| is de ned using the above relative dif culty score of each data sample:
Lol = Score(e;y) CE( '(e);y)+ rGCE( (e) y) where ¢ is the weight that adjusts between
two loss terms.

In the attribute-composition phase, we swap the disentangled latent vectors among the training
sets|Bg|. We randomly permute the intrinsic and bias features in each mini-batch, cr&ating=

[ '(x); SWap(x)] where ks’wa,{x) denotes the randomly permuted bias attributes. This process
produces augmented bias-con icting latent vectors. As similar as the de nitienwé de neegyap 2

fE'SWap Swapg and generatesyap following the same process described in |§H§ 1, 2 and our proposed

broadcast scheme. The objective function for this phadesigi, = Score(e;y) CE( (eswaF) y)+
S,WapGCE( (eswaQ ¥) wherey denotes target labels for permute bias attrlbutg,ggx) and
swapiS the balancing weight between two loss terms.

Therefore, the total loss function is a combination of the above componapts= L et swapl swap
Here, swapis the weight that adjusts the importance of the feature augmentation.



3 Experiments

This section presents our experimental results, focusing on performance evaluation on various
biased datasets and interpretable analysis for attribute-centric representation learning. The additional
experimental results, including full performance evaluation and analysis, are provided in Appendix D.

Datasets. Following [38], we used three well-known benchmark datasets for debiasing methods

to evaluate DGW's performance and interpretability: Colored MNIST (C-MNIST), Corrupted
CIFAR10 (C-CIFAR-10), and Biased FFHQ (BFFHQ). C-MNIST and C-CIFAR-10 are synthetic
datasets designed to test model generalization on unbiased test sets by varying the ratio of bias-
con icting samples (0.5%, 1%, 2%, and 5%). BFFHQ is a real-world dataset from FBHQ [
containing face images annotated with age (intrinsic attribute) and gender (bias attribute).

Table 1: Test accuracy4) on unbiased test sets of C-MNIST
and C-CIFAR-10, and the bias-con icting test set of BFFHQ with
varying ratio of bias-con icting samplesy)X methods relying on

the easy-to-learn heuristic, arzg) nethods combined with GWT.
V+CCT indicates the direct integration of Vanilla and CCT. The
best-performing results are shown in bold, and the second-best
results are underlined.

Dataset Ratio (%)  Vanilla LFA | V+CCT* || DGW*
0.5 36:2 1:8 m 17 26.3 1:1 70.3 1:2
i 1.0 50:8 2.3 | 79.0 10 | 401 21 || 77:4 o4
C-MNIST 20 | 652 21 | 850 gg | 562 15 || 853 o7
5.0 816 0:6 w 1:3 734 0:8 89.1 0:6
05 228 03 | 279 1.0 | 152 o3 || 30.4 2
~ _ 1.0 262 o5 | 34.3 0.6 | 206 o4 336 2:4
C-CIFAR-101 50 | 311 gq | 403 ,, | 246 o5 || 42.0 10
50 | 420 o3 | 503 ;4 | 356 o5 || 503 ;.4

BFFHQ 05 | 545 o6 | 595 5p | 526 11 || 656 33 Figyre 2: Visualization oA’ and

AP for the C-MNIST dataset

Performance Evaluation. Our set of debiasing baselines includes two different approaches: Vanilla
network, and LFA B8]. Vanilla refers to the classi cation model trained only with the original
cross-entropy (CE) loss without debiasing strategies. LFA and our method do not require prior
knowledge about the bias type. Furthermore, we con gure a naive debiasing approach integrated
with GWT implementation: V+CCT. CCTZ[7] proposed an instantiation of GWT applicable to
implement an interpretable model. To compare our DGW, we simply con gure the direction fusion
of the Vanilla network with CCT as a GWT debiasing method. Table 1 shows that DGW performs
equivalently or, in some cases, better than LFA, demonstrating its robustness and exibility in
debiasing image classi cation tasks. Furthermore, the poor performance of V+CCT highlights the
importance of nding the proper con guration for debiasing methods, indicating the effectiveness of
our DGW con guration as a debiasing method. Full performance evaluation with more baselines is
in Appendix D.4.

Analysis for Interpretable Attribute Representation. DGW generates two attention masks:
Al = A (Sl E') for intrinsic attributes, focusing on essential features like shape Adnd

A (SPns EP) for biased attributes, capturing non-essential features like color. We visualize both
attention masks to demonstrate the interpretable representation of learning in our method.

For the C-MNIST dataset, intrinsic attention masks highlight the shapes of the digits, ignoring colors.
For instance, the digits '0', '6', and '8' consistently highlight shape regions (Fig. 2(a)), showing
that the model focuses on shape for classi cation. Conversely, bias attention masks highlight color
regions, not shapes. Digits '1', '5', '2', and '8' in yellow/magenta/green show nearly identical
masks (Fig. 2(b)), indicating a focus on color. This con rms that the biased components of DGW
capture color information, which is irrelevant for digit recognition. More visualization results can be
found in Appendix D.5.



4 Conclusion

In this work, we introduced Debiasing Global Workspace (DGW), a framework designed to learn
debiased representations of attributes in neural networks. By leveraging attention mechanisms
inspired by the Global Workspace Theory, our method effectively differentiates between intrinsic and
biased attributes, enhancing both performance and interpretability. Comprehensive evaluations across
various biased datasets demonstrated that DGW improves model robustness and generalizability on
biased data and provides interpretable insights into the model's decision-making process.
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Appendix

A Reproducibility

All source codes, gures, models, etc., are availabléntips://github.com/jyhong0304/
debiasing_global_workspace

B Related Work

Debiasing Methods. One of the most well-known existing debiasing methods is those with prede-
ned forms of bias or speci c bias labels. This method involves identifying speci ¢ biases before
training [28, 33, 39, 54]. The model then learns to ignore or correct these biases. While effec-
tive, it depends on accurately identifying biases beforehand, which can be challenging. Another
approach4, 57] uses bias labels to tag data, allowing the model to differentiate between biased and
unbiased data during training. This improves learning but requires extensive manual labeling.

Debiasing approaches using the easy-to-learn heuristic are other effective methods. Biases are
easier for models to leard ] than intrinsic features. Techniques like dynamic training schemes,
re-weighting samples, and data augmentatids, 38, 47, 39, 41] help models focus on unbiased
features. However, these methods struggle with insuf cient diverse samples. Complex models can
learn invariant features or correct representations but are dif cult to design and3eaied, 1, 4, 15,

16, 33, 40, 47, 57, 65].

Additionally, SelecMix P9 creates new training samples by mixing pairs with similar labels but
different biases, or different labels but similar biases, using an auxiliary contrastive model. While
effective, this adds signi cant training complexity? model 7] learns debiased representations by
identifying Intermediate Attribute Samples (IAS) and using-atructured metric learning objective.
However, its reliance on training dynamics to identify IASs makes it different from our approach and
out of the scope of our study.

Deep Learning and Global Workspace Theory. In neuroscience and cognitive science, there

is an ongoing effort to develop theories of consciousness (ToCs) to identify the neural correlates
of consciousness, as reviewed by Seth and B®le One such theory is the Global Workspace
Theory (GWT) R, 11, 46], which is inspired by the “blackboard' architecture used in arti cial
intelligence. In this architecture, a centralized resource, the blackboard, facilitates information
sharing among specialized processors.

Recent studies have aimed to bridge the gap between neuroscience and deep learning, focusing on
practical solutions for implementing a GWT using current deep learning components while consider-
ing the equivalent brain mechanisni¥[48, 52, 18, 27]. Bengio[5] emphasized learning high-level
concepts by selecting key elements through attention, forming a low-dimensional conscious state
similar to language, which aids in better representation learning. Mashour et al. [46] details GWT's
implementation in neuroscience, suggesting that consciousness arises from extensive information
sharing across brain regions via a central network of neurons.

Inspired by GWT, our Debiasing Global Workspace (DGW) framework manages intrinsic and biased
attributes in neural networks. DGW integrates information from intrinsic and bias specialists, ensuring
disentangled representations are considered in decision making. Unlike prior works focusing on
monolithic architecture or general-purpose learning, our approach uniquely applies these theories to
debiasing neural networks.

Object-Centric Representation Learning. Humans outperform sophisticated Al technologies due

to our exceptional ability to recombine previously acquired knowledge, allowing us to extrapolate
to novel scenarioslp, 17, 20]. Pursuing representations that generalize compositionally has been

a signi cant research topic, with object-centric representation learGintd[ 43, 7, 30] emerging

as a prominent effort. This approach represents each object in an image with a unique subset of the
image's latent code, enabling compositional generalization due to its modular structure.

Due to its simple yet effective design, Slot-Attention (SAJ|[has gained signi cant attention in
unsupervised object-centric representation learning. Its iterative attention mechanism allows SA to

A



learn and compete between slots for explaining parts of the input, showing a soft clustering effect on
visual inputs f3]. Some recent works on implementing a cognitive architecture using object-centric
methods have been propos@d,[12]. Our approach also emphasizes compositional generalization in
debiasing learning, using the slot-based method to implement a crucial module. The bene ts of this
method are noteworthy and deserve further exploration.

C Further Details of Our Method

C.1 The Conceptual Instantiation of Debiasing Global Workspace

Figure 1 in the main text depicts a conceptual overview of our proposed DGW framework. The
conceptual ow of the DGW proceeds through a sequence of steps that we describe in detail here.

Step 0. To learn disentangled representations of intrinsic and biased attributes, we introduce
two specialists: intrinsic ' and biased ® In the original GWT, the specialists connect to the
global workspace before any stimulus appears, coupling their latent spaces bidirectionally with the
workspace. We modify this setup to control the connections to backpropagate different information

to two specialists separately (black and red connections between specialists and DGW in Step 0
in Fig. 1). Speci cally, the intrinsic and bias specialists function identically in the forward pass.
However, during the backpropagation stage, only the intrinsic attribute encoder updates its parameters
and learns, while the bias attribute encoder remains frozen and does not undergo parameter updates
when the task of the model is to nd intrinsic attributes.

Step 1. The DGW acts as an independent and intermediate shared latent space trained to perform
unsupervised neural translation between@hkatent spaces from the specialized modules. The
translation system is optimized to ensure that successive translation and back translation (e.g., a cycle
from A to B, then back to A) return the original input§, 60]. We implement speci c operations to

mimic the translation system by leveraging the residual operations [22] and a variant of mixup [62].

In [50], attention determines what information is consciously perceived and what is discarded in
brains. In GWT, attention selects the information that enters the workspace. When a speci ¢ module
is connected to the workspace through attention, its latent space activation vector is copied into the
DGW. This internal copy serves as a bidirectional connection interface between the corresponding
module and the DGW.

When a new stimulus, such as the digit “zero,' appears, its latent activity transfers to the corresponding
internal copy inside the workspace, initiating a broadcast to all other domains. This shared latent
space $,..n: IN Fig. 1) uses translations and back translations from all modules to compute and
train via error backpropagation. We introduce a recurrent top-down pathway, and it can sometimes
be considered as a key to account for the global ignition property observed in the brain when an
input reaches consciousness, and the corresponding module is mobilized into the conscious global
workspace [60].

Step 2. The incoming information is then immediately broadcast and translated (via the shared
latent space) into the latent space of all other modules. In GWT, this translation process is automatic.
However, we modify this to manually enforce learning of intrinsic and biased attribute representation
with different loss functions. Speci cally, we enforce the classi €rto learn intrinsic attributes
through error backpropagation from speci c training objectives (Step 2-1 in Fig. 1). Step 2-2
simultaneously enforces the connection to the classi Band limits backpropagation to the intrinsic
specialist ' to learn the bias attribute representations.

C.2 Other Approach to Broadcast Information

While we introduced a residual connection in the main text as the information broadcast, the other way
of operation is a modi ed version of Manifold Mixup], which interpolates feature embeddings to
capture higher-level information.

(n+1) .
latent '

(n+1)

e =Mix e A s € V Sgent ;



whereMix (a;b) = a+(1 ) b,and Betd ; ). The updated feature vectoiis then

fed to the classier ' and °. We compare the performance of using residual connections versus
our modi ed Manifold Mixup in Appendix D.4.

C.3 Entropy regularization.

We empirically incorporate an additional regularization term on the latent slot attention mask to
enhance performance:
Lent= H(A(SL) ce))+ H(A ST - ewap);

latent latent

whereA (sl(:t,)em; e) andA (sf;tém; €swap are attention masks from ghe last iteration of eq. 2 in the main

text. Minimizing entropyH (A) = H(as;:::;aaj) = (15A)) ; & log(a) encourages the

|
attention masks to be consistent over the input features captured by the latent slots. This regularization

ensures the model's attention remains focused and interpretable across different input scenarios.

Therefore, the total loss function is a combination of the above componams= Lrei+ swap

Lswapt ent Lent Here, swapand oniare weights that adjust the importance of the feature augmen-
tation and entropy regularization, respectively. This comprehensive loss function ensures balanced
training that enhances the model's ability to learn and generalize effectively while maintaining
interpretability and robustness.

D Further Experimental Results and Details

In this section, we explain further experimental results and details. All experiments are conducted
with three different random seeds a@iPocon dence intervals.

D.1 Hardware Speci cation of The Server
The hardware speci cation of the server that we used to experiment is as follows:

+ CPU: Intel® CoréM i7-6950X CPU @ 3.00GHz (up to 3.50 GHz)
« RAM: 128 GB (DDR4 2400MHz)

» GPU: NVIDIA GeForce Titan Xp GP102 (Pascal architecture, 3840 CUDA Cores @ 1.6
GHz, 384-bit bus width, 12 GB GDDR G5X memory)

D.2 Datasets

We describe the details of biased datasets, Colored MNIST (C-MNIST), Corrupted CIFAR-10
(C-CIFAR-10), and BFFHQ.

Colored MNIST. Following existing studies4, 33, 39, 4, 10, 39|, this biased dataset comprises
two highly correlated attributes: color and digit. We added speci ¢ colors to the foreground of each
digit, generating bias-aligned and bias-con icting samples for different ratios of bias-con icting
samples:

. 0:5%: (54751:249)
. 1%: (54509:491)
. 2% (54014:986)
. 5% (52551:2449)

Corrupted CIFAR-10. Among 15 different corruptions introduced in the original data28}, jwe
selected types including Brightness, Contrast, Gaussian Noise, Frost, Elastic Transform, Gaussian
Blur, Defocus Blur, Impulse Noise, Saturate, and Pixelate, related to CIFAR-10 cl83kes/g used

the most severe level of corruption for the dataset, with the following bias-aligned and bias-con icting
samples:

. 0:5%: (44832:228)



Table A-1: Test accuracy) on unbiased test sets of C-MNIST and C-CIFAR-10, and the bias-
con icting test set of BFFHQ with varying ratio of bias-con icting samples) enotes methods
tailored to prede ned forms of bias?)(methods using bias labely) (nethods relying on the easy-
to-learn heuristic, andzZ} methods combined with GWT. V+CCT indicates the direct integration of
Vanilla and CCT. DGW+M refers to DGW with our mixup strategy, and DGW+R refers to DGW
with residual connection. Performance for HEX and EnD is fr@8],[while results for Vanilla,
ReBias, LfF, LFA, V+CCT and DGW are from our evaluation. The best-performing results are shown
in bold, and the second-best results are underlined.

Dataset | Ratio (%) Vanilla HEX EnD’ ReBias | LfFY LFAY V+CCT* || DGW+M?| DGW+FR*
0.5 362 1.3 |303 gg [343 12 [72.2 15 475 39 674 1.7 263 11 689 ,5 |703 1:2

C-MNIST 1.0 50:8 2:3 437 5:5 495 2:5 86.6 0:6 64:6 2:5 790 1:0 401 2:1 m 1:2 774 o4
2.0 652 2.1 | 569 26 [685 22 [92.7 o3 749 3.7 850 o3 562 1.8 846 15 |853 07

5.0 816 o | 746 32 |8L2 1.4 |97.1 g6 |802 o9 [887 1.3 |734 o3 889 o, 891 0:6

05 228 03 139 01 |229 03 | 208 02 |250 15 | 279 10 |152 03 (296 5 |30.4 22

C-CIFAR-10 1.0 262 05 |148 0.4 |255 04 |244 04 |310 g4 |343 06 206 o4 34.9 o4 | 336 2:4
2.0 311 o6 152 o5 [3L3 04 |296 29 |383 g4 |403 24 |246 o5 41:3 1:0 42.0 1.9

5.0 420 o3 1610 o6 [403 o9 |411 o |488 o9 |503 11 356 o3 52.3 0.5 |50:3 1:9

BFFHQ 05 |545 0 |528 00 |56 14 |580 0.2 |636 26 |595 35 |526 1.1 ||66.9 1.0 |656 53

. 1% (44527:442)
. 2% (44145:887)
. 5% (42820:2242)

BFFHQ. The dataset is created by using the Flickr-Faces-HQ (FFHQ) Da&§etdcusing on
age and gender as two strongly correlated attributes. The dataset includes 19200 training images
(19104 bias-aligned and 96 bias-con icting) and 1000 testing samples.

D.3 Image Preprocessing

Following Lee et al[38], our model is trained and evaluated using xed-size images. For C-MNIST,
the size i28 28, for C-CIFAR-10, itis32 32, and for BFFHQ, it i224 224 Images for
C-CIFAR-10 and BFFHQ are preprocessed using random crop and horizontal ip transformations,
as well as normalization along each channel (3, H, W) with a mean of (0.4914, 0.4822, 0.4465)
and standard deviation of (0.2023, 0.1994, 0.2010). We do not use augmentation techniques for
C-MNIST.

D.4 Performance Evaluation

Full Performance Comparison. Our set of debiasing baselines includes six different approaches:
Vanilla network, HEX B3], EnD [57], ReBias f], LfF [49], and LFA [38]. Vanilla refers to the

classi cation model trained only with the original cross-entropy (CE) loss without debiasing strategies.
EnD leverages the explicit bias labels, such as the color labels in the C-MNIST dataset, during the
training phase. HEX and ReBias assume an image's texture as a bias type, whereas LfF, LFA, and
our method do not require any prior knowledge about the bias type. Furthermore, we con gure a
naive debiasing approach integrated with GWT implementation: V+CCT. Q{Ipfoposed an
instantiation of GWT applicable to implement an interpretable model. To compare our DGW, we
simply con gure the direction fusion of the Vanilla network with CCT as a GWT debiasing method.
Table. A-1 shows the full table of test performance evaluation.

Implementation Details. We followed the implementation details fror8g. We used a fully
connected network for attribute encoders with three hidden layers for C-MNIST and ResNet-18 for
C-CIFAR-10 and BFFHQ. We employed a fully connected classi er with double the hidden units to
handle the combined output from the intrinsic attribute encodeand the bias attribute encode?.

During testing, only the intrinsic classi er' (e) was used for nal predictions. We used batch sizes

of 256 for C-MNIST and C-CIFAR-10, and 64 for BFFHQ, respectively. 2 concepts and size of 8
were used for C-MNIST, 5 and 16 for C-CIFAR-10, and 10 and 32 for BFFHQ, respectively. We
trained our model and baselines with three trials and reported the averaged accuracy and standard
deviation.



Figure A-1: Visualization of attention masks for the C-MNIST dataset

Figure A-2: Visualization from the C-MNIST dataset showing attention maskshighlighting color
patterns. Digits in similar colors (e.g., 2, 3, 0, and 6) share similar attention mask patterns.

Training Details. For training, we use the Adan3%] optimizer with default parameters (i.e., betas
= (0.9, 0.999) and weight decay = 0.0) provided in the PyTottamework. We de ne two different
learning ratest Ryg\for our DGWhodules, and Rfor the remaining modules in our method, including
encoders and classi ers. For C-MNISIORis 0.01, whileLRygvis 0.0005 for C-MNIST-26, 0.002 is
for the remaining ratios of datasets. For C-CIFAR-ILBjs 0.001, and_-Rygvis 0.0001. For BFFHQ,
LRis 0.0001 and 0.0002 is faRcw

We utilize StepLR for learning rate scheduling, with a decaying step set to 10K for all datasets. The
decay ratio is 0.5 for both C-MNIST and C-CIFAR-10 and 0.1 for BFFHQ. Followi§], [we
adjust the learning rate after performing feature augmentation.

We set the hyperparametérSe; swap; swap ent) fOr our proposed loss functionél0; 10; 1; 0:01)
is set for the ratio 00:5% of C-MNIST, and(15; 15; 1; 0:01) for the ratio of1%; 2%, and5% of
C-MNIST. We sef(1; 1;1; 0:01) for C-CIFAR-10, and2; 2; 0:1; 0:01) for BFFHQ.

Our proposed mixup strategy uses the hyperparameter select the mixing coef cient
Betqd ; ). For BFFHQ, we set 0.5, whereas 0.2 for C-MNIST and C-CIFAR-10.

We provide the scripts, including all hyperparameter setups, in our Git repository (Section A) to
reproduce our performance evaluation.

D.5 Analysis for Interpretable Attribute Representation

Initialization of Concept Slots. The initialization of concept slots is crucial for our model's
performance, tailoring the attention mechanisms to each dataset. We set the initial number of concept
slots C) as follows:

» For C-MNIST,C is set to 2, re ecting its simple attribute composition

» For C-CIFAR-10,C is set to 10, accommodating its diverse features
» For BFFHQ,C is set to 10, capturing a wide range of human facial features

Additional Visualization on C-MNIST dataset. Figure A-1 displays the attention masks =
A (Si ens E') generated by our broadcast scheme in the main text for C-MNIST, showing the model

focuses on digit shapes, ignoring color. Fig. A-2 shows the attention ndaks A (Se.s EP)
generated by our proposed broadcast method in the main text, highlighting how the model responds

E
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