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Abstract
This paper addresses the challenge of Granularity Compe-
tition in fine-grained classification tasks, which arises due
to the semantic gap between multi-granularity labels. Ex-
isting approaches typically develop independent hierarchy-
aware models based on shared features extracted from a com-
mon base encoder. However, because coarse-grained levels
are inherently easier to learn than finer ones, the base encoder
tends to prioritize coarse feature abstractions, which impedes
the learning of fine-grained features. To overcome this chal-
lenge, we propose a novel framework called the Bidirectional
Logits Tree (BiLT) for Granularity Reconcilement. The key
idea is to develop classifiers sequentially from the finest to
the coarsest granularities, rather than parallelly constructing
a set of classifiers based on the same input features. In this
setup, the outputs of finer-grained classifiers serve as inputs
for coarser-grained ones, facilitating the flow of hierarchical
semantic information across different granularities. On top
of this, we further introduce an Adaptive Intra-Granularity
Difference Learning (AIGDL) approach to uncover subtle se-
mantic differences between classes within the same granular-
ity. Extensive experiments demonstrate the effectiveness of
our proposed method.

Code — https://github.com/ZhiguangLuu/BiLT
Extended version — https://arxiv.org/abs/2412.12782

Introduction
Fine-grained visual classification (FGVC) has been a long-
standing and challenging research focus in the deep learn-
ing community (Xu et al. 2023; Jiang et al. 2024; Pu et al.
2024). Unlike traditional image classification tasks, FGVC
demands models to capture subtle distinctions between cat-
egories for accurate predictions. Recently, several studies
(Zhang et al. 2024; Chen et al. 2022; Wang et al. 2021) have
recognized that the hierarchical label structure (HLS) inher-
ent in class names (Deng et al. 2009; Krizhevsky, Hinton
et al. 2009; Zhao, Li, and Xing 2011; Maji et al. 2013) can
significantly enhance the understanding and performance of
FGVC tasks. Consequently, substantial efforts have been
made to explore methods for effectively integrating hier-
archical information into FGVC tasks (Jain, Karthik, and
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Gandhi 2024; Wang et al. 2023). Generally, once hierarchi-
cal semantic information is incorporated, the primary goal
is to ensure that the model’s predictions consistently align
with the inherent hierarchical structure of the data. In other
words, these methods aim to make precise predictions or at
least keep the results as close as possible to semantically
similar categories even when errors occur, thereby minimiz-
ing the severity of mistake (Bertinetto et al. 2020). For exam-
ple, suppose a model misclassifies a “Husky”. In that case,
it is more acceptable within the hierarchy for the output to
be another dog breed, such as a “Corgi”, rather than an un-
related category like a “Siamese Cat”.

In pursuit of this goal, one effective paradigm (Silla and
Freitas 2011; Zhang and Zhou 2013) usually adopts a com-
mon shared encoder to extract the semantic features of im-
ages, and then constructs hierarchy-aware models inde-
pendently for the classification tasks at different levels. Typ-
ically, (Bertinetto et al. 2020) introduces a multi-task learn-
ing method that employs hierarchical cross-entropy loss and
a soft label technique to train these hierarchy-aware mod-
els. On top of this, (Karthik et al. 2021) develops a post hoc
approach using Conditional Risk Minimization (CRM) to
calibrate likelihoods during the test phase. Besides, borrow-
ing the idea from neural collapse (Papyan, Han, and Donoho
2020), (Liang and Davis 2023) utilizes an Equiangular Tight
Frame to achieve feature alignment across all classes.

Despite significant progress, a critical challenge remains:
the current FGVC paradigm struggles with the issue of
Granularity competition in feature learning due to the se-
mantic gap between multi-granularity labels (as shown in
Fig.2). Specifically, coarse labels are generally much eas-
ier to distinguish than finer ones. As a result, if we pay
equal attention to all levels, the learning process of the un-
derlying encoder is likely to be dominated by the coarse
branches, leading to insufficient learning of detailed infor-
mation at finer granularities. To address this issue, (Chang
et al. 2021) disentangles coarse-level features from fine-
grained ones via level-specific classification heads, and also
uses the finer-grained features to enhance the performance of
coarser-grained predictions. (Garg, Sani, and Anand 2022)
proposes a soft balance strategy to align the learning process
of multi-granularity classifications. However, these methods
primarily emphasize the negative impacts of coarse-grained
learning on finer details, while overlooking the crucial fact
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that coarse-grained information can also enhance fine-
grained learning. Consequently, the issue of granularity
competition remains inadequately considered.

In this paper, we propose a generic framework called
Bidirectional Logits Tree (BiLT), designed to fully uti-
lize hierarchical label information. Specifically, BiLT builds
hierarchy-aware models in a sequential manner rather than a
parallel one, where the inputs to the coarse classifier depend
on the outputs of the preceding finer-grained model. This
paradigm improves the priority of learning finer features
and also facilitates semantic information flow among multi-
granularity labels during training. Meanwhile, classification
errors at coarser levels could also serve as an auxiliary super-
vision signal for upstream finer models’ updates, reconciling
the granularity competition issue end-to-end. Last but not
least, we recognize that accurately identifying subtle seman-
tic differences between sub-classes within the same granu-
larity is also crucial for achieving promising performance.
To this end, an Adaptive Intra-Granularity Difference Learn-
ing (AIGDL) approach is developed to serve our purpose
better.

In summary, the contributions of this paper are as follows:
• We propose a novel paradigm called BiLT to construct

hierarchy-aware predictors for fine-grained classifica-
tions, which can effectively alleviate the granularity com-
petition issue by facilitating the flow of hierarchical se-
mantic information across all granularities.

• An Adaptive Intra-Granularity Difference Learning
(AIGDL) method is further developed to serve our strat-
egy better. It empowers BiLT to learn the fine-grained se-
mantic differences of classes within the same granularity,
boosting the final performance sharply.

• Empirical studies over three widely used benchmark
datasets consistently demonstrate the effectiveness of our
proposed approach.

Related Work
Hierarchical Architecture Methods Hierarchical archi-
tecture methods aim to design a hierarchy-aware model ar-
chitecture that leverages the hierarchical relationship. (Silla
and Freitas 2011) first introduced hierarchy-aware classi-
fiers that incorporated a well-defined hierarchy, empirically
outperforming flat classifiers across various application sce-
narios. Building on this idea, (Wu et al. 2016; Bertinetto
et al. 2020) proposed connecting classifiers at all levels to
a shared feature vector, framing the overall optimization as
a multi-task learning problem. However, (Chang et al. 2021)
later highlighted a potential issue with this method that shar-
ing the same feature vector across multiple granularities can
cause granularity competition problems, where coarse-level
predictions impede fine-grained feature learning, whereas
fine-grained feature learning can facilitate coarse-grained
classification. To avoid this issue, (Liang and Davis 2023)
from the perspective of neural collapse, aligned features
with class distances by fixing classifier weights to a pre-
computed Equiangular Tight Frame based on the distance
matrix. However, this method is limited by the requirement
that the feature dimension must equal the number of classes,

making it difficult to apply to large datasets and certain
downstream tasks. More recently, (Jain, Karthik, and Gandhi
2024) proposed a multi-granularity ensemble method, train-
ing multiple neural networks at different levels separately,
and adjusting fine-grained outputs based on coarse-grained
outputs during testing. This approach improved Top-1 Accu-
racy and reduced Mistake Severity in fine-grained classifica-
tion. However, this approach requires training multiple net-
works separately, which is computationally expensive and
difficult to scale to datasets with many levels.

Hierarchical Loss/Cost Methods Hierarchical loss meth-
ods aim to design loss functions that can effectively lever-
age the hierarchical relationships between labels. (Bertinetto
et al. 2020) proposed a hierarchical cross-entropy (HXE)
loss, a conditional probabilistic loss that conditions class
probabilities on those of their ancestors. This approach
jointly optimizes the HXE loss across all granularities, fram-
ing it as a multi-task learning problem. In contrast, (Karthik
et al. 2021) introduced a cost-sensitive method based on con-
ditional risk minimization, calibrating outputs according to
the class-relationship matrix during the test phase to mini-
mize the risk. As noted earlier, using hard labels for coarse-
grained classification can impede fine-grained feature learn-
ing. To address this, (Garg, Sani, and Anand 2022) proposed
summing the soft labels of subclasses and aligning them
with coarse-grained hard labels using Jensen-Shannon di-
vergence, while also aligning subclass features with those of
their superclass using a geometric consistency loss.

Label Embedding Methods This approach focuses on
uncovering relationships in a unified label semantic space
and therefore describes differences between labels by the
distance in this space. For instance, (Frome et al. 2013; Xian
et al. 2016) started early attempts to explore a generic algo-
rithm for learning a joint embedding space for images and
labels simultaneously. Inspired by the strengths of hyper-
bolic space in modeling hierarchical structures, (Liu et al.
2020) proposed learning a hyperbolic label space for fine-
grained classifications, leading to promising performance.
In addition, to learn a favorable space, (Bertinetto et al.
2020) first initialized relationships between labels based on
their lowest common ancestor (LCA) height, and proposed a
soft label method for precise fine-tuning. Taking a step fur-
ther, (Zhang et al. 2021) developed an online label smooth-
ing strategy to adaptively learn the label embedding during
training, while (Collins, Bhatt, and Weller 2022) proposed a
crowdsourced soft label method for individual images. Ad-
ditionally, label smoothing plays a significant role in vari-
ous tasks, including but not limited to knowledge distilla-
tion(Yuan et al. 2020; Park et al. 2023; Han et al. 2024), im-
age generation(Zhang et al. 2023), weakly supervised learn-
ing(Gong, Bisht, and Xu 2024; Wei et al. 2022), and trust-
worthy machine learning(Qin et al. 2021). Overall, label
smoothing is a widely used technique to enhance model gen-
eralizability and performance(Müller, Kornblith, and Hinton
2019). Nevertheless, these methods often fail to utilize prior
knowledge of inter-label distances. They heavily rely on pre-
defined class relationships, or even solely depend on heuris-
tic strategies for label embedding adjustment, which results
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in suboptimal performance and slow convergence.

Problem Definition
Let X and Y be the input space and label space, respec-
tively. Under the context of fine-grained visual classifica-
tions (FGVC) (Liu et al. 2024; Wang et al. 2024; Du et al.
2021), the label space Y could be formulated as a hierar-
chy label tree with H + 1 levels, where each node corre-
sponds to a specific class, and each edge contains high-level
semantic relationships between classes. Typically, for h ∈
{0, 1, 2, . . . ,H}, the root node (h = 0) represents the super-
class of all classes, and the label becomes finer and finer as
the level h increases in the tree. Subsequently, let Ch be the
number of classes at the h-th level, the label space could be

expressed as Y =
H
∪

h=0
Yh, where Yh = {0, 1, . . . , Ch − 1}

and we have C0 = 1 < C1 ≤ C2 ≤ · · · ≤ CH . Fi-
nally, suppose that there are N training samples, denoted
as D = {(xi, {yhi }Hh=1)}Ni=1, where xi ∈ X is an input
image and yhi ∈ Yh corresponds to its ground-truth label
at the h-th level. The primary concern of this paper is to
train a well-performed classifier that can accurately predict
the fine-grained class for each image while ensuring that the
predictions are close to the ground truth when it makes mis-
take.

Methodology
In this section, we will first reveal the fundamental limita-
tions of current fine-grained classification methods, i.e., the
granularity competition issue. To address this, we propose a
generic framework called Bidirectional Logits Tree (BiLT).
Fig. 1 presents the overall pipeline of our proposed BiLT. On
top of this, a novel Adaptive Intra-Granularity Difference
Learning is developed to exploit the fine-grained semantics
among all classes sufficiently. Further details on BiLT will
be discussed in the following.

Granularity Competition Impedes Fine-grained
Learning
We start with our discussions by reviewing the traditional
FGVC paradigms (Wang et al. 2015) using the hierarchy la-
bel tree. Briefly speaking, given an image x with its label
sets {yh}Hh=1, conventional FGVC methods using the hier-
archy label tree first adopt a base encoder Φ to extract the se-
mantic features of each sample, i.e., Φ(x). On this basis, an
independent classifier (denoted as fh)) will be constructed
for each label level h whose goal is to make an accurate pre-
diction ŷh as much as possible at its own level. In order to
learn these classifiers effectively, current studies (Wang et al.
2024; Garg, Sani, and Anand 2022; Chang et al. 2021) usu-
ally consider the following multi-task optimization problem:

min
Φ,f1,···fH

E
D

[
H∑

h=1

λh · Lh(Yh, fh(Φ(x)))

]
, (1)

where λh is a tunable parameter, and Lh represents the clas-
sification error (such as cross-entropy loss) at h-th level
in the hierarchy label tree. Fig. 3 presents a toy example

(H = 3) to instantiate the mainstream learning paradigm
of FGVC.

Despite great success, in this paper, we argue that current
FGVC paradigms using the hierarchy label tree, suffer from
Granularity competition issues, leading to limited perfor-
mance. According to Eq.1, it is apparent that coarse-grained
levels are inherently simpler to learn than fine-grains, so the
learning process of the base encoder Φ will be almost dom-
inated by the shallow level (i.e., coarse labels). Fig. 2 exam-
ines this phenomenon on the real-world benchmark dataset
FGVC-Aircraft, showing that methods sharing the same
features at fine-grained levels converge more slowly and
yield lower accuracy compared to only fine-grained level
trained exclusively with standard cross-entropy loss (Only
CE). As a result, the unique features extracted by Φ in-
evitably collapse, where the detailed information for fine-
grained feature learns insufficiently (Chang et al. 2021). In
addition, current paradigms have not fully explored the se-
mantic relationships between classes at different granular-
ities, which further impedes learning fine-grained features
for accurate predictions.

Bidirectional Logits Tree for Granularity
Reconcilement
According to the above discussions, the fundamental limi-
tations of previous FGVC literature (Bertinetto et al. 2020;
Chang et al. 2021; Garg, Sani, and Anand 2022) come from
the fact that all classifiers at different granularities built on
unique base encoders. We propose a novel generic frame-
work called Bidirectional Logits Tree (BiLT) to address this.
The principle of BiLT is to develop coarse-level classifiers
on top of its previous finer classifier outputs instead of con-
structing a set of classifiers separately, as shown in Fig. 1.

Specifically, let ϕi := Φ(xi) be the feature vector for sim-
plicity. BiLT first constructs the finest-level classifier fH ,
which directly takes ϕi as the input, i.e.,

zHi := fH(ϕi),

where zHi ∈ RCH is the output logits at level H , and zHij , j ∈
[CH ] indicates the probability of image xi belonging to the
class j. Subsequently, for the class-level h ∈ {1, . . . ,H−1},
its corresponding classifier fh is developed following the
previous h− 1 outputs:

zhi := fh(gh(zh+1
i )),

where zhi ∈ RCh

and gh is a trainable transformation layer
to explore nonlinear relationships between different levels.
In this paper, gh is implemented by a sequential module,
including batch normalization, linear transformation, batch
normalization, and ELU activation (Liang and Davis 2023).

We still adopt a similar manner as Eq.1 to learn BiLT.
Here the loss for each sample xi at h-th level is defined as:

Lh
BiLT(Yh, fh) = yh

i log (softmax(zhi )),

where yh
i is a one-hot encoding with the yhi -th indices as 1.

Intuitively, the learning process of our proposed BiLT
boosts a bidirectional semantic information flow across all
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Figure 1: The overall framework of our method. In the forward phase of the Bidirectional Logits Tree (BiLT), coarse-grained
logits are derived from fine-grained counterparts, while the gradients from coarse-grained classifiers influence fine-grained clas-
sifiers and feature learning in the backward phase. Simultaneously, Adaptive Intra-Granularity Difference Learning (AIGDL)
adjusts the output of BiLT and supervision by learning differences between categories within the same granularity.
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Figure 3: An illustrative example demonstrates the granular-
ity competition problem, where the model prioritizes coarse-
grained learning at Level 1 and Level 2, thereby rendering
the fine-grained features at Level 3 difficult to distinguish.

granularities properly, as shown in Fig. 1. First of all, dur-
ing the forward propagation, the finer outputs serve as the
input features for the coarse-level model recursively, en-
abling cross-level information explorations. This to some
extent promotes the learning priority of finer features in
the base encoder Φ such that more discriminative features

Figure 4: Predefined label trees struggle to articulate differ-
ences amongst classes at the same hierarchical level, and our
method aims to learn disparities among classes and apply
relevant corrections accordingly.

will be abstracted for finer classifications. Meanwhile, dur-
ing the backward propagation, each classifier is not only
optimized by the classification risk at the current level but
also supervised by those coarser levels. In this way, classi-
fiers at different granularities will interact with each other,
leverage hierarchical information effectively, and thus rec-
oncile the granularity competition problem.

Adaptive Intra-Granularity Difference Learning
So far, we have explored how to excavate fine-grained class
relationships effectively at different levels. However, min-
ing the semantic information between labels involved at the
same granularity is also essential for promising perfor-
mance. Current studies (Garg, Sani, and Anand 2022; Liang
and Davis 2023) generally introduce a cost matrix defined
on LCA (Least Common Ancestor) to calibrate the final pre-
dictions. Based on the fact that there are often obscure se-
mantic differences between sub-classes at the same granu-
larity, such a strategy considering intra-granularity classes
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equally might struggle to articulate them. Fig. 4 provides
an example to illustrate it. We know that both “bicycles”,
“motorcycles”, “trucks” and “car” belong to “Vehicle”. Yet,
in the feature space, it is obvious that the distance between
“bicycles” and “motorcycles” should be closer than “bicy-
cles” and “trucks” since their appearance is highly similar.
Apparently, this cannot be achieved through simple LCA-
based methods.

We propose a novel Adaptive Intra-Granularity Differ-
ence Learning (AIGDL) method to remedy this. Concretely,
let ph

i = softmax(zhi ) be the prediction probability and
Dh ∈ RCh×Ch

be the intra-granularity class distance matrix
at level h, where Dh

ij represents the LCA distance between
class yhi and class yhj . We first follow the widely adopted
Condition Risk Minimization (CRM) paradigm (Garg, Sani,
and Anand 2022) to calibrate:

argmin
k

R(yh
i = k|xi) = argmin

k

Ch∑
j=1

Dh
k,j · ph(yh

i = k|xi).

Compared with the typical likelihood maximization, this
CRM adjustment guarantees us to select the Bayes optimal
prediction R(yh

i = k|xi) resulting in the lowest possible
overall cost (Duda and Hart 1974).

On top of Dh, a learnable intra-granularity distance ma-
trix ∆h ∈ RCh×Ch

is further introduced to capture the
nuanced semantic relationships between classes. Thereafter,
the decision rule is augmented as follows:

argmin
k

R(yh
i |xi)

= argmin
k

Ch∑
j=1

(Dh
k,j − β ·∆h

k,j) · ph(yh
i = k|xi)

= argmax
k

Ch∑
j=1

(β ·∆h
k,j −Dh

k,j) · ph(yh
i = k|xi)

= argmax
k

Ch∑
j=1

D̃h
k,j · ph(yh

i = k|xi),

where D̃h = β · ∆h − Dh and β signifies the weight of
the learnable matrix ∆h. Meanwhile, to avoid self-cost, the
diagonal entries of ∆h (i.e., ∆h

ii) are masked as zeros and
then each row of ∆h undergoes an L2 normalization.

To effectively learn intra-granularity differences, we thus
introduce a label smoothing strategy (Müller, Kornblith, and
Hinton 2019) for training. Different from previous studies
(Bertinetto et al. 2020), as the goal is to pursue a model with
better mistake, we propose to employ the above class-wise
matrix to label smoothing explicitly. Specifically, the label
smoothing technique for AIGDL could be expressed as:

ỹh
i = (1− ϵ)yh

i + ϵ ·
exp (γ(β ·∆h

yh
i
−Dh

yh
i
))∑Ch

j=1 exp (γ(β ·∆h
yh
i ,j

−Dh
yh
i ,j

))
,

where ϵ is the smoothing factor, γ is the temperature pa-
rameter, and Dh

k and ∆h
k are the k-th row of Dh and ∆h re-

spectively. In this way, the semantic similarities among these

subclasses can be implicitly reflected at the label level, en-
suring consistency in predictions. Moreover, it is to be noted
that the above smoothing method is a general version of the
Soft-Label method (Bertinetto et al. 2020) by setting ϵ = 1
and β = 0.

Similarly, the loss function of AIGDL for each level is
defined as:

Lh
AIGDL =

1

N

N∑
i=1

ỹh
i log (softmax(D̃hph

i )).

Overall Optimization Objective
Combining all the above components, the overall optimiza-
tion objective is defined as:

L =
∑
h

λh · (Lh
BiLT + Lh

AIGDL)

=
∑
h

λh

N

N∑
i=1

(yh
i log (p

h
i ) + ỹh

i log (softmax(D̃hph
i ))),

where λh = exp(α · (h −H)) is the weight for each level.
As the hierarchical level becomes coarser, its contribution to
fine-grained feature learning diminishes. So the correspond-
ing loss weight λh decreases as the hierarchical level be-
comes coarser.

Experiments
Experiments Setup
Datasets. We evaluate methods on four datasets: FGVC-
Aircraft (Maji et al. 2013), CIFAR-100 (Krizhevsky, Hin-
ton et al. 2009), iNaturalist2019 (Van Horn et al. 2018) and
tieredImageNet-H(Ren et al. 2018), all of which have been
used in previous studies(Liang and Davis 2023; Garg, Sani,
and Anand 2022; Bertinetto et al. 2020). Dataset statistics
and split settings are provided in the Appendix.

Competitors. We compare our method against the fol-
lowing competitors: HXE(Bertinetto et al. 2020), Soft-
Labels(Bertinetto et al. 2020), Flamingo(Chang et al.
2021), CRM(Karthik et al. 2021), HAF(Garg, Sani, and
Anand 2022), HAFrame(Liang and Davis 2023), and
HiE(Jain, Karthik, and Gandhi 2024). We also include the
vanilla cross-entropy loss as a baseline, denoted as Cross-
Entropy. Note that, all competitors are implemented follow-
ing the guidelines suggested by the corresponding paper.

Performance Comparisons
Overall Performance. Tab. 1 and Tab. 2 present the de-
tailed performance of the FGVC-Aircraft and CIFAR-100
datasets, respectively. Detailed performance results for the
iNaturalist2019 dataset are provided in the Appendix. No-
tably, all metrics are correlated to log-scaled LCA distance
except for Top-1 Accuracy (Karthik et al. 2021). Accord-
ing to the reported results, we can draw the following re-
marks: In most cases, our proposed BiLT could outperform
all competitors at all metrics, except for the Top-1 Accuracy
and Hier Dist@1 on the CIFAR-100 and iNaturalist2019
datasets. Even in failure cases, the performance of BiLT is
still comparable. This speaks to the efficacy of our approach.
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Method Mistake Severity(↓) Hier Dist@1(↓) Hier Dist@5(↓) Hier Dist@20(↓) Top-1 Accuracy(↑)

Cross-Entropy 2.12 +/- 0.0288 0.44 +/- 0.0188 2.10 +/- 0.0053 2.67 +/- 0.0022 79.35 +/- 0.7021
HXE 2.04 +/- 0.0074 0.43 +/- 0.0283 1.96 +/- 0.0119 2.60 +/- 0.0085 78.75 +/- 0.9481

Soft-Labels 2.10 +/- 0.0124 0.49 +/- 0.0223 2.07 +/- 0.0149 2.65 +/- 0.0058 77.59 +/- 0.9698
Flamingo 2.10 +/- 0.0352 0.40 +/- 0.0116 2.06 +/- 0.0099 2.65 +/- 0.0043 80.72 +/- 0.5849

CRM 2.08 +/- 0.0366 0.42 +/- 0.0163 1.74 +/- 0.0053 2.44 +/- 0.0018 79.57 +/- 0.5880
HAF 2.53 +/- 0.0610 0.67 +/- 0.0295 2.10 +/- 0.0063 2.61 +/- 0.0028 73.68 +/- 1.2166

HAFrame 2.01 +/- 0.0103 0.39 +/- 0.0162 1.75 +/- 0.0060 2.45 +/- 0.0015 80.52 +/- 0.8375
HiE 2.06 +/- 0.0279 0.44 +/- 0.0146 1.82 +/- 0.0028 2.46 +/- 0.0013 78.66 +/- 0.9660
Ours 2.00 +/- 0.0220 0.38 +/- 0.0097 1.72 +/- 0.0032 2.44 +/- 0.0016 81.23 +/- 0.5820

Table 1: Performance comparisons on the FGVC-Aircraft dataset with different metrics. The first and second best results are
highlighted with bold text and underline, respectively.

Method Mistake Severity(↓) Hier Dist@1(↓) Hier Dist@5(↓) Hier Dist@20(↓) Top-1 Accuracy(↑)

Cross-Entropy 2.35 +/- 0.0225 0.52 +/- 0.0076 2.25 +/- 0.0146 3.18 +/- 0.0079 77.85 +/- 0.2699
HXE 2.40 +/- 0.0137 0.62 +/- 0.0205 2.05 +/- 0.0082 3.02 +/- 0.0171 72.76 +/- 0.6816

Soft-Labels 2.33 +/- 0.0270 0.62 +/- 0.0144 1.29 +/- 0.0056 2.73 +/- 0.0122 74.34 +/- 0.4588
Flamingo 2.32 +/- 0.0186 0.51 +/- 0.0094 2.07 +/- 0.0214 3.08 +/- 0.0077 77.83 +/- 0.2942

CRM 2.31 +/- 0.0229 0.51 +/- 0.0019 1.15 +/- 0.0037 2.20 +/- 0.0034 77.80 +/- 0.2462
HAF 2.24 +/- 0.0177 0.50 +/- 0.0075 1.42 +/- 0.0057 2.64 +/- 0.0037 77.51 +/- 0.3091

HAFrame 2.21 +/- 0.0108 0.49 +/- 0.0066 1.11 +/- 0.0018 2.18 +/- 0.0013 77.71 +/- 0.2319
HiE 2.20 +/- 0.0232 0.47 +/- 0.0056 1.19 +/- 0.0031 2.86 +/- 0.0097 78.63 +/- 0.3101
Ours 2.17 +/- 0.0197 0.48 +/- 0.0106 1.08 +/- 0.0057 2.17 +/- 0.0030 77.77 +/- 0.4140

Table 2: Performance comparisons on the CIFAR-100 dataset with different metrics. The first and second best results are
highlighted with bold text and underline, respectively.

(a) FGVC-Aircraft (b) CIFAR-100 (c) iNaturalist2019

Figure 5: The probability of mistakes made by our method and competitors across the three datasets. In each subfigure, different
colors represent varying LCA distances, increasing from left to right. The length of each bar indicates the severity of the mistake,
while the values on the bars show the probability of the model making a mistake at a specific LCA distance.

Mistake Severity Distribution. Fig. 5 shows the mistake
severity distribution for our method and the competitors.
Specifically, here we report the performance comparisons at
the finest granularity by examining the LCA distances be-
tween wrong and ground truth classes. It is obvious that,
when misclassifying an example, our proposed BiLT could
make a more reasonable prediction. As shown in Fig. 5a,
when the model makes a mistake, our method has a 39.59%
probability that the LCA distance between the prediction
and the ground truth is 1. Additionally, there is a 76.31%
probability (39.59% + 36.72%) that the LCA distance is less
than or equal to 2, resulting in a significantly lower propor-
tion of severe mistakes compared to those of competitors.

Intra-Granularity Difference Visualization. Fig. 6
shows the heat map of the learnable intra-granularity
difference matrix ∆H , illustrating relationships between
the finest-level classes on CIFAR-100. Heat map of ∆H

for FGVC-Aircraft are provided in the Appendix. In a
specific coarse class (zoomed portion A), the colors of the
3rd and the 4th classes are greener, indicating a weaker
correlation compared to other fine-grained classes. At the
coarse-grained level, square (B) is more yellow than square
(A), indicating finer-grained classes in (B) share closer
relations with each other. This illustrates that the label tree
fails to accurately describe the difference between classes,
necessitating the use of ∆H to represent their relationships.
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Figure 6: Heat maps of ∆H for CIFAR-100, with colors
transitioning from purple to yellow as values increase. This
heat map is composed of 100 × 100 small squares, which
exactly indicates 100 classes (5th level) within CIFAR-100.
20 green or yellow squares, each composed of 5 smaller
squares, represent coarser labels for 20 classes (4th level),
and larger squares represent coarser classes.

Ablation Study
Sensitivity analysis of α. Fig.7 presents the sensitivity
analysis of α on the FGVC-Aircraft dataset, while the anal-
ysis for the CIFAR-100 dataset is provided in the Appendix.
The weight assigned to level h in the overall optimization
objective is given by λh = exp(α · (h − H)). A smaller α
increases the weights of the coarser levels. When α is set to
0, all levels receive equal weight, resulting in a uniform op-
timization objective. Within the α range of 0.5 to 1.0, the
model reduces Mistake Severity while maintaining Accu-
racy. However, a large α significantly decreases the weight
of the coarse level, leading to a notable increase in Mis-
take Severity. This phenomenon illustrates the importance
of coarse-grained classification for fine-grained learning.

Figure 7: Sensitivity analysis about α and β on FGVC-
Aircraft.

Sensitivity analysis of β. Fig.7 shows the sensitivity anal-
ysis of β on the FGVC-Aircraft dataset. For the sensitiv-
ity analysis of β on the CIFAR-100 dataset please see Ap-
pendix. β is the weight for the learnable adjustment matrix
∆h. Too large or too small β leads to decreased perfor-
mance. When β = 0, the learnable adjustment matrix ∆h

has no effect. Conversely, too large β may cause hierarchi-
cal level spanning, where some levels deviate significantly
from the originally defined distance matrix after adjustment.
The model achieved the best performance at β = 0.5.

Sensitivity analysis of ϵ and γ. Fig.8 shows the sensitiv-
ity analysis of ϵ and γ on the FGVC-Aircraft and CIFAR-
100 datasets. γ is the temperature coefficient in the soft label
generation process, and ϵ is the proportion of the soft label.
When ϵ = 0, it means only hard label is used, and when
ϵ = 1, it means only soft label is used. ϵ and γ regulate the
label encoding together. In the FGVC-Aircraft dataset, Mis-
take Severity is low when ϵ is 0.3 and γ is around 0.7. In the
CIFAR-100 dataset, Mistake Severity is low when ϵ and γ
are both around 0.3. It can be observed that using only hard
label or only soft label is always not the optimal solution.

(a) FGVC-Aircraft (b) CIFAR-100

Figure 8: Sensitivity analysis about ϵ and γ on FGVC-
Aircraft and CIFAR-100.

Conclusion

In this paper, we focus on the granularity competition prob-
lem between different granularities in fine-grained visual
classification (FGVC) tasks. However, coarse-grained fea-
tures are naturally easy to learn, leading feature-shared-
based methods focus only on coarse features instead of fine-
grained ones. To address this issue, we propose a novel
method, the Bidirectional Logits Tree (BiLT), which orga-
nizes classifiers from the finest to the coarsest levels, rather
than a parallel framework where all classifiers share the
same feature vector. Additionally, we observe that prede-
fined label trees cannot accurately capture semantic differ-
ences between labels at the same granularity, and there-
fore propose Adaptive Intra-Granularity Difference Learn-
ing (AIGDL). This method empowers BiLT to learn the
fine-grained semantic differences of classes within the same
granularity. Finally, extensive experiments and visualiza-
tions justify the effectiveness of our method.
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