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ABSTRACT

Most neural networks for classification primarily learn features differentiated by
input-domain related information such as visual similarity of objects in an im-
age. This input-domain focused inductive bias, while natural, can unintentionally
conflict with unexpressed yet implicitly utilized relations over latent objects in
human labeling, referred to Undescribed world knowledge (UWK). Such conflicts
can limit generalization of models by potential dominance of the input-domain
focused bias in inference. To overcome this limitation without external resources,
we introduce Label-focused Latent-object Biasing (LLB) training method that con-
structs label-focused inductive bias over latent objects determined by only labels
as UWK. It has four steps: 1) it learns intermediate latent object features in an
unsupervised manner; 2) it decouples their visual dependencies by assigning new
independent embedding parameters; 3) it captures structured features optimized
for the original classification task; and 4) it integrates the structured features with
the original visual features for the final prediction. We implement the LLB on
a vision transformer architecture, and achieved significant improvements on im-
age classification benchmarks. This paper offers a straightforward and effective
method to obtain and utilize undescribed world knowledge in classification tasks.
The codes are available at https://github.com/GIST-IRR/LLB

1 INTRODUCTION

In many classification tasks, a neural network has a _
role of learning latent features from an input to deter- 7 (
mine its accurate output labels. In case of image clas- &’ ! ai =
sification, the model learns the features based on vi- " \ W
sual similarity and differentiation depending on their Quill Paperknife
classes. This preference for the input-domain to han-

dle the similarity of features is a common property in
most well-known models such as convolutional neural

network (Krizhevsky et al.,2017; [He et al., 2016) and K&mondor
vision transformer (ViT) (Dosovitskiy et al. 2020) as

their high sensitivity to input specific information (Park ‘ ! “/
& Kim). 7 2
This behavior is naturally expected for neural networks, Crutch Hocke;l Puck

but the relations on the latent objects may be different
in human labeling based on world knowledge. Figure|T]
shows the clear example of the conflict in image classi-
fication. The figures on the left are visually very similar
to those on the right, but the semantics of the labels are
different in the real world. These samples may be regarded as just ambiguous and difficult samples
for visual classification, but in fact we can differentiate them correctly by using unobserved relations
in the data, such as the stick part of Mop or the ice ground for the Hockey puck.

Figure 1: Visually similar but semanti-
cally different images when we see the re-
lations of all objects that are not explicitly
described in data
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This con ict between input-domain and potential knowledge on labels has been already discussed
in various practical tasks, including visual question answering, cross-modal learning, and domain
adaptation|[(Hendricks et dl., 2018; Rohrbach ét al., 2018; Zhod et al/,|2019; Zhang et al., 2021; Ca-
dene et all, 2019; Lemesle et al., 2022; Min et al., 2020; Radford et al.|, 2021) in various perspectives.
However, these works have primarily focused on the inconsistency of rich information in observed
data of two explicitly different domains (i.e. linguistic and visual relations of observed entities in
each domain), while the con ict between input-domain information and undescribed relations over
internal objects for determining output labels referretdtalescribed World Knowledge (UWif

a single classi cation has been less investigated.

Such conict in a single classi cation can limit generalization, because training and test data col-
lected in the same labeling environment share the same UWK. If a model fails to learn such UWK,
inference on test data can be dominated by input-domain focused inductive bias and lead to incorrect
prediction. This limit of generalization by the con ict has not been discussed as an important issue
to control so far. In visual classi cation, for example, the training data already contain a portion
of UWK, as labeling can inform the category of internal objects in an image that are suf ciently
abstract for the use as basic elements of the knowledge.

To this end, we proposkabel-focused Latent-object Biasing (LLB)ethod for learnindabel-

focused inductive biasver latent object features determined solely by categorization of labels,
regarded as UWK. It has four sequential steps: 1) it learns intermediate latent object features in
an unsupervised manner; 2) it decouples their visual dependencies by assigning new independent
embedding parameters; 3) it captures structured features optimized for the original classi cation
task; and 4) it integrates the structured features with the original visual features for nal predic-
tion. We empirically investigate the con ict and impact of LLB on latent feature distributions and
implement it on ViT architecture. Our experiments on an image classi cation task show that LLB
improves performance in both quantitative and qualitative analyses, demonstrating the bene ts of
regularizing the model without external resources.

Our contribution points are:

» We rst raise the dominance of input-domain focused inductive bias of neural networks on
inference that con icts with undescribed world knowledge over latent objects by human
labeling.

« We propose a training stratedyabel-focused Latent-object Biasing (LL.B) obtain UWK
and utilize it as label-focused inductive bias, and implement it on vision transformer for
visual classi cation.

» We verify the proposed method in various image classi cation benchmarks with quantita-
tive and qualitative analysis.

2 RELATED WORKS

Conict of Input Domain Focused Inductive Bias The con ict between input-domain and po-
tential knowledge on labels has been discussed in various tasks. However, most works focus on
the inconsistency of two different domain resources rather than the con ict of input-domain with
undescribed world knowledge over latent objects in human labeling. In image captiophing, (Hen-
dricks et al.] 2018) addresses the con ict of bias on visual contextual cues with gender-specic
texts. (Rohrbach et &l., 2018) raises over-reliance issue on language prior, leading to hallucination
problem. |(Zhou et dl}, 2019; Zhang et al., 2021) also observes that semantic inconsistency in the
visual-text domain leads to hallucination, highlighting the issue of scarce aligned visual-text pairs.
In visual question answering, (Cadene €t al., 2019) introduces the impact of reducing dependencies
on single-domain based statistical regularities when using both text and image input information. In
cross-modality representation learning, vision networks leverage broader supervision of texts and
adopts language bias in visual representation (Radford| &t al.| 2021). However, cross-modal repre-
sentations suffer inconsistency of language and visual domains (Pah|et al.| 2022; Lemegsle et al.,
2022). (Chen et al., 2019; Alberts et al., 2020; Li et/al., 2020; Tan & Bansal, 2019) aim to make se-
mantic aligned object representation using image-text paired dataset. To adapt CLIP (Radford et al.,
2021) in a different domain, (Ma et al., 2022) made semantic alignments with large collection of
semantic entities paired with images. (Pan et al., 2022) suggests semantic connection between differ-
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ent modalities for semantic perceiving and addressed the limitation with external knowledge-graph
based networks.

Con ict Reduction via Knowledge Graph A traditional and direct solution of reducing the input-
domain focused bias is to use external resources de ned on labels as knowledge graphs. In visual
understanding, (Marino et al., 2017) learns structured semantic representation over objects (Ren
et al., 2015) with structured prior knowledge graph (Krishna et al., 2017; Miller, 1995). (Wangetal.,
2018; Kampffmeyer et al., 2019) tried to inject knowledge graph and biases of language in the vision
classi er to make zero-shot predictions. For open-world detection, (Yao et al., 2022) proposed
large-scale uni ed concept dictionary with large-scaled image-text paired dataset to provide prior
knowledge on detection. (Zhu et al., 2021) also learns dynamic knowledge graph over object class
label from language domain bias to overcome the limitation of data scarcity in few-shot object
detection. However, all these works focus on the effective use of external knowledge while UWK of
the target training data has not been utilized and even recognized.

Disconnecting Latent Objects from Inputs In visual understanding, (Marino et al., 2017) learns
graph structures on internal objects, which are regarded as nodes, and integrates the features with
external prior knowledge. To initialize each node feature, the object class label is used, which
disconnects the visual dependency in the separate phase for graph neural networks. (Zhu et al.,
2021) also learns dynamic semantic knowledge graph on object class label, which disconnects the
visual dependency. However, visual disconnection in (Marino et al., 2017) are based on graph
extraction and analysis. And (Zhu et al., 2021) may have learn separate embedding to input-domain,
with the aim of representing language based semantic embedding over object class labels, rather
than label-focused inductive bias. (Min et al., 2020) highlights the need for managing input-domain
focused bias in regularizing representation for zero-shot classi cation, using decoupling effects by
contrastive learning. Differently, our method focuses on con icts in standard classi cation and direct
extraction of UWK to induce decoupling and repositioning bias that is insensitive to input-domain
features.

3 METHOD

3.1 PRELIMINARIES

(a) Centroids of Class-wise Features (1000 classes) (b) Image Samples for Adjacent Classes

Figure 2: Input-domain focused inductive bias on features at the nal layer, and its con ict with
semantic difference on labels.

Problem Con rmation in Class Distribution  The problem to be addressed in this paper is the
dominance of the input-domain focused bias on latent object features that con icts with UWK. In
Figure 2, the problem is clearly shown. The dots in the leftside gure represents the centroids of
all features in each class of ImageNet, extracted from a MAE He et al. (2022) trained on the data.
We zoomed in on an area where the centroids are closely located and selected almost adjacent ve
classes. However, in the rightside gure, their class labels are semantically unrelated. Although
their visual similarity is suf ciently high, a human can correctly recognize the label. For example,
the pole in a mop image may be confused with a tightened harness of a Komondor, but their shape
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(a) Process of LLB

(b) LLB Module on Visual transformer
Figure 3: Overview of Label-focused Latent-object Biasing in image classi cation. (blue: visually
determined, red: non-visually determined)

and angles associated with the other hairy features are distinguish the two classes. This observation
shows an evidence for the dominance of the visual input-domain focused bias over the UWK. See
Appendix C for additional problem con rmation using CNN and comparison with LLB.

Motivation for Method: Label-based Grouping of Latent Objects Determines Their Similarity

in UWK  Our motivation is that categorizing latent object features provides their similarity on the
UWK without relying of external resources. A straightforward approach to utilizdabil-focused

biasis to train a classi cation model that takes the latent features as input. But, input-domain fo-
cused inductive bias may dominate over the label-focused bias in determining the feature positions.
To address this issue, we propose training a separate plug-in classi cation model to capture the
label-focused bias. Additionally, we propose disconnecting the direct forward path from an input to
latent object features, which will then be fed into the model as new inputs.

Notations for ViT We start with brief recap of ViT (Dosovitskiy et al., 2020). ViT reshape input
imagex 2 RS H W to patchesx, 2 RV (P* ©) where(H; W) is original image's resolution
with channel sizeC. Patches have size éP; P), and the derived total numbét of patches per
images isHW=P?2. Patches are then projected into hidden dimension of Bizeith additional
positional embedding. Functidn(x), encodes patch representations with additional CLS token
by stacks ofLy transformer (MHSA+FFNN) layers. We denote visual feature¥jas [v!]Y,,
wherev| 2 RP is hidden vector of'" -patch ofi*" -layer.

3.2 METHOD DESCRIPTION

Overview of Architecture on Vision Transformer We proposd.abel-focused Latent-object Bi-

asing (LLB)method for visual classi cation problems as shown in Figure 3. Our network is based on

a typical pre-trained VIiT Dosovitskiy et al. (2020) that uses splitimage-patches as an input sequence,
and is implemented in four sequential steps: 1) latent object extraction, 2) visual dependency dis-
connection, 3) object feature structuring, and 4) integration of non-visual and visual features for the
nal prediction. In the rst step, the generated features from an intermedhitlidayer of the ViT

(visual featured/|) generates probability to select a latent object index an@bgjects. In the next

step for the disconnection, the most probable object index is mapped to separate learnable embed-
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ding non-visual featuredl =[n']2, 2 R® P whereD is the equal dimension to visual features
andi indicates the object index. In the third step, the following transformer stacks (LLB layers)
learn the structures of the non-visual embedding. At the end, the visual and non-visual features are
integrated as an ensemble for the nal decision.

Latent Object Extraction from Visual Features The rst step in visual object extraction involves
guantizing visual features into a set of latent objects. This process is essential in limiting the number
of non-visual features that may be associated with UWK, thereby ensuring that computational cost
constraints are met. To implement the quantization, we pass a visual feature of each image patch into
anMLP This is then followed by &oftmax operation at a temperature B{= 0 :1). The resulting
vector,p', determines the probability of selecting the latent object of ind@khe following process

is applied to all patches generated from an image.

p' = Softmax (MLRv!)) ; p'2R° 1)

The clarity of objects is in uenced by their number, therefore we consider it a hyper-parameter. The
effective range for this parameter is detailed in Table 7a.

To effectively represent groups of visual features using a limited number of latent objects, we in-
corporated a loss function that promotes diversity of probabilities, as described in (Van Gansbeke
et al., 2020; Mustafa et al., 2022).

1 X X _
Lowersiy = H (p); wherep= o p' and H(p)= plog(P) (2
i=0 i=1
whereL piyersiiy Mmakes the averaged probability vectors of all objects uniform, encoursing even
assignment across all objectspiversiy 1S combined with downstream task loss (e.g., cross-entropy
loss) using the balancing parametér0.5).

Visual Dependency Disconnection The core idea of visual disconnection is to assign separate
embedding parameters to visually determined latent objects. This process interrupts the gradient
ow of the embedding parameters stemming from input-based differentiation, ensuring that subse-
guent training on the embedding is not overly in uenced by this differentiation. To achieve this, we
employ a straightforwar®isconnechetwork, as illustrated in Figure 3b.

No = Disconnect (A;N)=A N 3)
A . A matrix of patch-wise probability vectors to select latent objects
N . A matrix of non-visual features in disconnected parameters from input

TheDisconnect network straightforwardly assigns disconnected embedding parameters to latent
objects and subsequently produces patch-wise non-visual features, denkitgd-ds1 1'%, , used

as inputs of LLB module. It operates matrix multiplication of assign matrix [p' [, 2 RN ©,
composed of the generated probability vectgrss(in Equation( 1)) to select latent objects, and
the separate trainable non-visual featlre Rather than using thargmax function, matrix mul-
tiplication with the assign matrix is employed. This makes it differentiable while interrupting the
input-based differentiation. It is worth noting that we utilize a separate CLS token, denat€d as

for downstream tasks.

Non-visual Feature Structuring Structuring non-visual features is the core step to rede ning the
similarity of features built over latent objects via solely the categorization of labels. The structuring
method, referred tg(X ; W ), processes non-visual featufég using weightaV/ from structuring
module to producstructured non-visual featurd¢, , . We implemented the functiognby a stack-

ing Ly layers of transformer (Vaswani et al., 2017) layer. We use transformer to extensively discern
semantic relations within sequential input, as evidenced by works like (Devlin et al., 2018; Radford
et al., 2018; Park & Kim), owing to their exible and scalable architecture. Adhering to the original
method, we attached a CLS token to the head of non-visual feature sequence, deggtddoas

the structured non-visual features for the nal decision.

Niy = 9g(lcnjiNo;W) (4)

whereN |, = [niLN N, . Compared to the original transformer layer, we exclude the positional
embedding due to the weak dependence of clusters to speci ¢ positions in a sequence.
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