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Abstract

Fine-grained visual recognition (FGVR) involves distinguishing between highly
similar subcategories. To capture subtle differences among closely related
subcategories, prevalent methodologies first localize the discriminative re-
gion in the image and then classify it. However, previous detection-based and
attention-based methods for discriminative region localization possess inher-
ent limitations, thus limiting the performance. Deep reinforcement learning
(DRL) is a good choice as it can autonomously determine optimal actions to
achieve a given objective, e.g., localizing the discriminative region. Never-
theless, existing DRL-based approaches learn to simultaneously localize an
uncertain number of discriminative regions, which may pose challenges for
the DRL agent. Additionally, the optimization of DRL relies on recognition
feedback from an FGVR classifier, whereas existing approaches just employ
standard networks as the classifier. To address these challenges, we propose
a Reinforced Most-Discriminative Region Localization (RMDRL) module to
adaptively localize a single, most discriminative region in the image. To
provide precise feedback for training the RMDRL module, we propose a Dis-
criminative Knowledge Self-Distillation (DKSD) module to cultivate a robust
FGVR classifier. Our extensive experimentation across nine benchmarks val-
idates the efficacy of our approach for FGVR. Our findings also support that
one discriminative region localized by DRL could be better than multiple
discriminative regions.

Keywords: Fine-grained, Visual Recognition, Discriminative Region, Deep
Reinforcement Learning, Knowledge Distillation.
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Figure 1: Localize-to-classify paradigm for FGVR. In adherence to the localize-
to-classify paradigm, the approach begins by identifying the discriminative region in the
input image, highlighted by the red box. This pinpointed discriminative region is then
input into the classifier to produce the image category output, which, in this instance, is
“Western Gull”.

1. Introduction

Fine-grained visual recognition (FGVR) involves the classification of vi-
sual objects into more specific subordinate categories within the same basic
category, such as distinct bird species [1], varied dog breeds [2], specific ve-
hicle models [3], various aircraft types [4], and diverse food categories [5]. In
contrast to traditional basic-level visual categorization [6], which aims to rec-
ognize basic-level categories, FGVR is more challenging because it requires
capturing and distinguishing the subtle differences among closely related sub-
categories. This enables a range of challenging applications that may pose
difficulties even for human annotators.

To effectively capture and discern subtle differences among closely related
subcategories, state-of-the-art FGVR approaches [3, 2, 1, 7, 8, 9, 10] typically
begin by localizing the discriminative region within the image before training
a classifier to recognize its category, as depicted in Fig. 1. The discriminative
region is defined as the area containing the distinctive visual characteristics
required by the classifier for FGVR [8, 9, 10, 3, 2, 1, 11, 12, 13]. It can be
either a single part of the image covering the object, such as the region of a
bird [8, 9, 10], or multiple parts corresponding to different semantic elements
of the object, such as the head, torso, and tail of a bird [3, 2, 1].

Modern FGVR approaches primarily concentrate on determining how
to localize the discriminative region in the input image. Some methods
[14, 15, 8, 9, 16, 17, 18] utilize object or object part annotations to train
detectors for localizing the discriminative region. Nevertheless, it proves
challenging for human annotators to precisely identify the discriminative re-
gion, considering that objects of different subcategories or even objects of
the same subcategory but with varying poses and views may regard distinct
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object parts as discriminative. Furthermore, bounding box annotations for
objects or object parts are expensive to obtain. Consequently, certain meth-
ods [19, 20, 21, 22, 23, 24, 25, 26] adopt attention mechanisms to automat-
ically localize the discriminative region, eliminating the need for additional
annotations. However, these attention-based methods often fix the number
of discriminative regions, contrary to the variability observed across differ-
ent subcategories and even within the same subcategory with diverse object
poses and views. Additionally, the performance of attention-based methods
is limited by attention mechanisms that may focus on the wrong region. Last
but not least, detection-based methods confine the pinpointed discriminative
region within the object region, thereby disregarding valuable contextual in-
formation [27].

To tackle these problems, deep reinforcement learning (DRL) emerges as
a promising solution due to its ability to autonomously determine optimal
actions to achieve a given objective, such as localizing the discriminative
region for FGVR [28, 29]. These works employ DRL to decide both which
regions and how many regions are discriminative for FGVR. However, two
key challenges are identified in existing DRL-based methods [28, 29]. First,
there is a potential difficulty when DRL is tasked with simultaneously lo-
cating an uncertain number of discriminative regions, which may impact its
performance. Second, the reward mechanism in DRL relies on recognition
feedback from a classifier, yet [28, 29] employ a conventional neural network
as the classifier, potentially limiting the model’s overall performance.

Our efforts fall into the category of DRL-based FGVR. To address the
first challenge, we draw upon previous studies demonstrating the effective-
ness of using a single discriminative region [8, 9, 10], which appears to be
a more attainable goal for DRL. Thus, this paper proposes a Reinforced
Most-Discriminative Region Localization (RMDRL) module to adap-
tively localize a single, most discriminative region in the input image. The
RMDRL module involves training an adapter to adjust the initialized region
on the image, optimizing a policy network with parameters iteratively up-
dated based on recognition feedback from a classifier. To tackle the second
challenge and provide accurate feedback for DRL, we further propose a Dis-
criminative Knowledge Self-Distillation (DKSD) module to learn a
robust classifier. This module features a shared feature extractor followed by
multiple branches, with each branch taking image features within a prede-
fined region as input, representing individual FGVR classifiers. The outputs
from all branches are aggregated through averaging. This aggregated knowl-
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Figure 2: Overview of our methods. Our method comprises two integral modules:
(a) reinforced most-discriminative region localization (b) discriminative knowledge self-
distillation. In the first module, the DRL agent processes an image with an initial region
as input, making decisions on the region update. The refined region is then introduced to
an FGVR classifier, which takes the image as input and generates feedback for updating
the parameters of the policy network for DRL agent learning. In the knowledge distillation
module, each image is associated with multiple predefined regions(refer to Section 4 for the
definition and generation of predefined regions),which are used for cropping to generate
Inputx. Then, a shared feature extractor is employed to create individual FGVR classifiers,
with each task using Inputx as input for soft predictions, as indicated by the yellow
arrows. Subsequently, knowledge aggregation and self-distillation are applied to distill the
acquired knowledge from multiple classifiers into a single classifier for a more decisive, hard
prediction. The single classifier trained in the second module severs as FGVR classifier in
the first module.

edge is distilled into a single classifier using a self-distillation mechanism for
enhanced efficiency. During the inference stage, the RMDRL module predicts
an optimal discriminative region covering the most discriminative semantic
parts in the image. This identified region is then fed into the distilled clas-
sifier to predict the image subcategory. Fig. 2 offers an overview of the
proposed method. Extensive experiments have demonstrated that utilizing
DRL to localize a single discriminative region is superior to locating multiple
discriminative regions, making the proposed method achieve state-of-the-art
performance for FGVR.

Our main contributions can be summarized as follows:

• Instead of locating an uncertain number of discriminative regions as in
existing DRL-based methods, we introduce an RMDRL module that
adaptively localizes a single, most discriminative region, as illustrated
in Fig. 2(a).
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• Recognizing that the reward mechanism in DRL hinges on recognition
feedback from the classifier, we propose a DKSD module that distills
multiple individual classifiers into a single robust classifier to provide
accurate feedback for DRL, as depicted in Fig. 2(b).

• We conduct comprehensive experiments demonstrating that utilizing
DRL to localize a single discriminative region surpasses the perfor-
mance of locating multiple discriminative regions, establishing the state-
of-the-art performance of the proposed method for FGVR.

2. Related Works

Based on the discriminative region localization strategy, FGVR approaches
can be categorized into three groups: detection-based approaches, attention-
based approaches, and DRL-based approaches. The following subsections
introduce each of these categories in turn.

2.1. Discriminative region localization approaches

2.2. Detection-based FGVR Approaches

As discussed earlier in Sec. 1, the discriminative region can either consti-
tute a single object region or encompass multiple object parts. Consequently,
certain detection-based approaches aim to identify a single discriminative re-
gion covering the entire object, while others concentrate on detecting multiple
discriminative regions corresponding to distinct object parts.

Object detection-based localization. These approaches employ the
object’s bounding box as the discriminative region. Conventional approaches,
such as [1], [3], [2], [4], typically rely on using the ground-truth bounding box.
However, the drawback of these approaches lies in their requirement for the
ground truth box of objects, entailing unnecessary human labeling efforts.
To address this, subnetworks are integrated to facilitate object localization.
SPDA-CNN [30] introduces a top-down method, combining it with Faster
R-CNN [31], to localize objects by inheriting prior geometric constraints.
Additionally, segmentation models play a role in PS-CNN [18] and Mask-
CNN [32], where they are employed to obtain object masks, aiding in object
localization.

Object part detection-based localization. These approaches capture
diverse discriminative parts or regions and encode them into a descriptor,
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forming a representation of the complete image. Typically, prior works [17,
32, 33, 34, 35] employ bounding boxes to define these discriminative regions,
acquired through weak supervisions or manual labeling. For example, in
[17], a part-based R-CNN is introduced to identify both the entire object
and its constituent parts. The learned geometric constraints subsequently
enhance the accuracy of representation. Another approach, presented in [16],
proposes a sequential search method for localizing discriminative parts. This
method incorporates bounding box annotations and integrates heuristics into
an LSTM network.

Detection-based approaches necessitate bounding box annotations during
model training. However, these annotations are not only expensive but also
suboptimal for FGVR, as the determination of discriminative regions depends
on the classifier and is thus difficult for human annotators. Moreover, while
bounding boxes cover objects or object parts, the contextual information in
the background and environment, crucial for visual recognition, is ignored
by detection-based methods. In our approach, the discriminative region is
automatically determined by DRL with the reward of recognition feedback
from the classifier, thus achieving better performance.

2.3. Attention-based FGVR Approaches

To eliminate the requirement for bounding box annotations, several re-
cent works [24, 36, 37, 38, 39, 40, 41, 42, 43] leverage attention mechanisms
to automatically localize discriminative regions. For instance, in [20], a hi-
erarchical structure is employed to automatically identify the most discrim-
inative parts through the construction of an attention proposal subnetwork.
In [42], an end-to-end Structure-driven Relation Graph Network (SRGN) is
proposed for fine-grained object recognition, utilizing object structure in-
formation without additional annotations to highlight discriminative details
influenced by personalized differences. In [23, 44], multi-level attention is
employed to simultaneously pinpoint multiple discriminative parts. In [45],
a Progressive Multi-Granularity (PMG) training framework is proposed to
effectively fuses features from different granularities. This strategy is similar
to a ‘multi-level attention mechanism’ that simultaneously identifies multiple
discriminative parts and then fuses these parts together for final object recog-
nition. Meanwhile, [46] introduces a trilinear attention network to sample
the most informative parts from hundreds of part proposals. [10] presents an
attention-based convolutional binary neural tree that incorporates attention
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mechanisms within a tree structure to facilitate hierarchical learning of dis-
criminative characteristics. More recently, [47] used self-attention and graph
neural networks for relation-aware feature transformation and refinement via
context-aware attention, enhancing feature discriminability in an end-to-end
learning process. [48] treats each head in multi-head self-attention as a weak
learner, voting for discriminative region tokens based on attention maps and
spatial relationships to improve FGVR performance.

While attention-based methods address certain limitations of detection-
based approaches, they introduce a new challenge. Objects belonging to dif-
ferent subcategories, and even those within the same subcategory but with
distinct poses and views, may perceive different object parts as discrimina-
tive regions. Thus, the number of discriminative regions can vary. However,
attention-based methods usually fix the number of discriminative regions.
Furthermore, attention mechanisms often exhibit high activation within the
object region [49, 50] and contextual information is thus neglected, akin
to detection-based approaches. Additionally, the performance of attention-
based methods is restricted by attention mechanisms that may concentrate
on the wrong region. In contrast, this paper employs DRL to automati-
cally identify a single discriminative region that encapsulates crucial visual
characteristics and contextual information in the image for FGVR.

2.4. DRL-based FGVR Approaches

DRL has been integrated with deep visual learning to enhance perfor-
mance across various vision tasks such as object localization [51, 52]. In
the field of fine-grained recognition, a notable DRL approach is presented
in [53], leveraging part-attribute text descriptions to localize discrimina-
tive regions. The text attribute labeling required by this approach is more
amenable than the accurate part location annotation required by traditional
part-based FGVR methods. Instead of using part location annotations or
text attributes, our approach employs DRL to automatically determine dis-
criminative regions. Notably, a Navigator is proposed in [54] to direct the
model to focus on the most informative regions, while the Teacher evaluates
the regions proposed by the Navigator and provides feedback. Although they
did not employ reinforcement learning, their mechanisms are quite similar.

Moreover, He et al. proposed a two-stage DRL architecture, M2DRL [28],
to determine which regions and how many regions are discriminative and rep-
resentative for FGVR. This architecture sequentially localizes the object and
its parts (“which”), and adaptively determines the number of discriminative
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Figure 3: Variation in discriminative regions for the same object due to different
poses. Samples are Boat Tailed Grackle birds from CUB-200 [1]. Dashed yellow box and
red box indicate discriminative region obtained by our method and ground-truth box of
object, respectively.

regions (“how many”). A semantic reward function is also introduced for this
DRL scheme to joint consider the attention and category information. He et
al. [29] further extended this work by incorporating multi-scale learning to
localize regions in different scales as well as encode images at different scales.
However, as discussed in Sec. 1, two challenges arise in this two-stage DRL
architecture: 1) it is challenging for DRL to simultaneously localize an uncer-
tain number of discriminative regions; 2) the classifier upon which the reward
function of DRL relies is not robust enough. This paper aims at enhancing
DRL-based FGVR by utilizing DRL to localize a single large discriminative
region and employing self-distillation to construct a robust classifier. Exper-
iments demonstrate the effectiveness of our novel techniques.

3. Methodology

Prior to introducing our method, we conduct an analysis of the variation
in discriminative regions across different images. As depicted in Fig. 3, ob-
jects of the same subcategory may exhibit different poses, resulting in varying
ratios of the discriminative region (depicted by the dashed yellow box) to the
object region (depicted by the red box), exemplified by approximately 0.4 in
Fig. 3(a) and 0.8 in Fig. 3(b). It is evident that objects belonging to differ-
ent subcategories also exhibit diverse discriminative regions. Furthermore,
since the discriminative region is determined by the classifier based on its
contribution to classification performance, there are no explicit guidelines
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Figure 4: Architecture of DDQN for multiple actions selection. Upon receiving
the current state, the agent predicts three actions. Upon executing these actions, the
current state transitions to the next. To compute Rc, classification is performed on both
the current and next states using the FGVR classifier. For calculating Rcam, we extract
features from the last non-reduced convolutional layer of the classifier into the CAM map.

for human annotators to identify the discriminative region within a particu-
lar image, making it suboptimal to train object/part detectors for detecting
discriminative regions [14, 15, 8, 9, 16, 17, 18]. In this paper, we employ
DRL to adaptively localize the discriminative region, guided by the classifier
through the reward function. Our work shows that localizing a single large
discriminative region in our approach works better than localizing multiple
discriminative regions in existing DRL-based approaches [28, 29].

3.1. Reinforced Most-Discriminative Region Localization

We continue by introducing the proposed RMDRL module. Unlike ex-
isting DRL-based approaches that primarily focus on exploring multi-scale
and multi-granularity information to identify numerous discriminative re-
gions [28, 29], our approach takes a different stance. Recognizing the chal-
lenges inherent in DRL when attempting to simultaneously localize an un-
certain number of discriminative regions, we leverage a DRL methodology to
autonomously and adaptively pinpoint the most discriminative region con-
tributing most significantly to classification performance. To elaborate, we
define a set of “actions” that transition from an initial region to the optimal
discriminative region. The input image, accompanied by an initial region,
serves as the “state” from which various actions for region adjustment are
selected. The classifier plays the role of the “environment”, generating evalu-
ated results as “feedback” to calculate a “reward” for optimizing the learning
process of the DRL agent. The region is denoted as a bounding box, defined
by its center point along with its width and height.

In this work, we adopt a single-step DRL formulation to train the agent
for adjusting the center point and width/height of the region, aiming to
enhance the accuracy of the FGVR classifier. Single-step DRL algorithms
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have demonstrated considerable potential as effective black-box optimizers
[55, 56]. The primary distinction between standard DRL and single-step
DRL lies in the states transition. Unlike standard DRL, single-step DRL
involves only one state s0, as there is a single attempt per learning episode.
Single-step DRL aims to determine the optimal mapping fθ∗rl such that the
optimal action a∗ = fθ∗rl(s0), where θ∗rl denotes optimal parameters of the
mapping function f . By consistently presenting s0 to the agent, the learned
mapping reflects the transformation from given state s0 using the optimal
action a∗. The essential components of DRL agent training are elaborated
as follows.

State. As previously mentioned, within each episode, the state represents
the input image along with an initial region. This region is characterized by
a center point and a tuple denoting its height and width. For this study, as
shown in Fig. 2(b), we define the initial region using the center point of the
image and 4

5
of the image’s height and width.

Policy Network. It is also referred to as the “agent” in DRL. Using a
standard neural network architecture, it undergoes training to predict the
most effective policy. It takes current state to predict a probability distri-
bution of actions to be taken from that state. It often contains a feature
extractor responsible for generating visual representation from the input im-
age, alongside multiple heads for state value and action prediction.

Actions. Since the region’s location involves three aspects, we define three
actions for its adjustment: Region-Moving Direction (RMD) for “where”,
Region-Moving Scalar (RMS) for “size”, and Region-Scaling Scalar (RSS)
for “shape”. The action space for RMD is fixed at five, representing four
directions (up, down, left, and right) and no movement. The action space
for RMS is set to 8, with a step size of 4, allowing the center point to move
from 4 to 32 pixels in a given direction. The action space for RSS is 9, with
scaling ratios ranging from 0.4 to 1.2 and a step size of 0.1.

Environment and Reward. The environment in this scenario is an
FGVR classifier, which can be independently trained or distilled from mul-
tiple branches. During the DRL agent learning process, we have designed
a reward computation function R(s, a) for the transition from the current
state s to the next state ŝ. This function encourages the agent to take ef-
fective action a in adjusting the region. It achieves this by combining two
aspects of rewards: (i) Rc(s, a) represents the reward of class prediction from
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the FGVR classifier with parameter of θ. This reward encourages the agent
to take actions that enhance classification accuracy. (ii) Rcam(s, a) indicates
the reward of Intersection over Union (IoU) between the discriminative region
and the “hot” part of the class activation map (CAM) [49], retrieved from the
last non-reduced convolutional layer of the classifier. This reward prompts
the agent to adjust the region to include, as much as possible, class-specific
regions of the image (the hot region of the CAM map in Fig. 4). Hence, it
accelerates the convergence of the DRL agent during training, leveraging the
substantial overlap between the discriminative region and the class-specific
area within the CAM map. In this work, we apply the typical method,
GardCAM [57]. The reward functions are thus defined as

R(s, a) = λRcam(s, a) +Rc(s, a), (1)

Rcam(s, a) = IoU(reŝ, recam)− IoU(res, recam), (2)

Rc(s, a) = P (y|ŝ; θ)− P (y|s; θ). (3)

Here, s is the current state, and ŝ is the next state taking the action a from
the current state s. res indicates the discriminative region at the state of
s, while recam represents the hot part in the CAM map. y is the ground-
truth class of the image. P represents the function used to compute the
probability belonging to the class y when inputting the discriminative region
at a state to the FGVR classifier with parameter θ. This region can be
obtained by applying threshold algorithms (e.g., OTSU [58]) and finding the
largest connected areas. λ ∈ (0, 1) is a coefficient to control the contribution
of Rc and Rcam to the reward. Consequently, the class prediction result
takes precedence in determining the reward, with the CAM region serving as
a facilitator.

We utilize the Duelling Deep Q-Network (DDQN) [59] as an off-policy
DRL algorithm to train the agent for selecting the three actions. In this
method, the Q function, mapping a state-action pair to the expected cu-
mulative reward, is decomposed into a state-value function and an action
advantage function, as expressed in Eq. (4). The architecture of the DDQN
designed for selecting multiple actions is depicted in Fig. 4. Given a state,
following feature extraction, the network is divided into two streams: one for
state-value estimation and the other for estimating state-dependent action
advantages. The current Q-values (Q-RMD, Q-RMS, and Q-RSS) of the ac-
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tions are calculated by combining the state-value and the action advantages:

Q(s, a; θrl) =V (s; θrl, β) + V a(s, a; θrl, α)

− 1

N

∑
â∈A

V a(s, â; θrl, α).
(4)

where θrl is the parameter of the feature extractor in DRL, and α and β
are parameters of the action advantage branch and state-value branch, re-
spectively. V is the state-value function, which outputs a 1-d vector. V a is
the action advantage function, N is the size of the action space. A is the
action set. We can estimate the optimal action a∗ after optimizing the policy
network with optimal parameters θ∗rl by

a∗ = argmax
a∈A

Q(s, a; θ∗rl). (5)

From Eq. (5), it is evident that the optimal action depends on the opti-
mal parameters of the feature extractor. To optimize the parameters of the
feature extractor, we use the mean square error (MSE) as the loss between
the current Q-value and the target Q-value. The target Q-value on state s
given action a is defined as

Qtarget(s, a; θrl) = R(s, a) + γ max
â

Q(ŝ, â; θrl), (6)

where ŝ and â are the next state and next action. The joint loss on the three
actions can be computed as:

L(s, ai; θrl) =
3∑

i=1

(Q(s, ai; θrl)−Qtarget(s, ai; θrl))
2. (7)

where ai (i ∈ {1, 2, 3}) denotes three actions for Q-RMD, Q-RMS and Q-
RSS computation. For instance, Q(s, a1; θrl) computes Q-RMD using Eq.
(4). The three sub-losses carry equal weight since all actions (RMD, RMS,
and RSS) equally contribute to maximizing the reward, thereby optimizing
the policy network parameter θrl.

Eq. (1) and Eq. (3) illustrate how the performance of the FGVR classifier
influences the reward computation. This, in turn, affects the optimization
of the policy network regarding discriminative region adjustment, ultimately
impacting the final image classification. Thus, boosting the final FGVR per-
formance requires a robust classifier. Once the discriminative region within
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an image is identified, this classifier should accurately classify it. To this end,
we construct a robust classifier by introducing a DKSD module in the next
section.

3.2. Discriminative Knowledge Self-Distillation

To ensure the robust training of the RMDRL module, a robust FGVR
classifier is indispensable. To address this necessity, we introduce the DKSD
module. Our strategy involves training multiple classifiers, and the averaged
predictions from these classifiers serve as a robust prediction. Drawing inspi-
ration from ensemble learning theory [60], we enhance the ensemble perfor-
mance by intentionally increasing the variance among individual models. To
achieve this, the classifiers process distinct predefined discriminative regions,
each centered around the image’s center but with varying height and width.
Subsequently, we leverage the knowledge distillation technique [61, 62, 63, 64]
to amalgamate knowledge from these individual classifiers, culminating in a
robust single classifier capable of making decisive predictions. This process
is depicted in Fig. 2(a). Concretely, multiple inputs featuring predefined
discriminative regions are fed into a shared feature extractor (e.g., ResNets
[65]). The resulting features are then transmitted to multiple classifiers and
implemented using a multi-branch architecture.

Individual classifiers. A fundamental challenge in this module is deter-
mining the number of individual classifiers, which corresponds to the number
of branches. In Fig. 2, we illustrate five branches as an example. Theoreti-
cally, incorporating more branches in the module would enhance the perfor-
mance of the distilled classifier by aggregating knowledge from a larger pool
of individual classifiers and predefined discriminative regions. However, the
increased number of branches also demands more computational resources.
In practical terms, deciding on the number of branches involves striking a
balance between accuracy and efficiency.

Empirically, when the incremental gain in learned knowledge, measured
by the accuracy of the distilled classifier, becomes negligible due to an in-
crease in the number of branches (e.g., from n to n + 1), the number of
branches can be set at that level (e.g., n). Regarding the range of predefined
regions, assuming the number of branches is n, the design involves using the
entire image as the first region and progressively shrinking it n − 1 times
by a certain height/width. Subsequently, the n branches can be trained si-
multaneously. As shown in Fig. 2(b), each branch takes an image and one
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of the predefined regions within it as input. For an image x accompanied
with different predefined regions, different branches may predict its category
as different. Given image x and branch j with learnable parameter θj, the
probability of class i is calculated using the formula:

P (i|x, θj) = exp(wijzi)/
C∑

k=1

exp(wkjzk), (8)

in which zi represents the normalized logits for class i, wij is the importance
score of branch j on zi, and C is the total number of classes in the dataset.
Specifically, the computation of wij depends on KD methods, for instance, in
[63], the gate module uses features from the second block of its backbone net-
work as input to generate the importance score of the corresponding branch.
The common cross-entropy loss is employed to measure the difference be-
tween the predicted probability of class i by branch j and the ground-truth
label y. Consequently, the average loss over the n branches is defined as

LMB =
1

n

n∑
j=1

Lj
CE(P (i|x; θj), y), (9)

where LCE denotes the cross-entropy loss function.

Knowledge self-distillation. Through the optimization of the loss func-
tion in Eq. (9), individual classifiers are trained to predict the correct class
with maximum likelihood. To facilitate effective knowledge transfer, we ag-
gregate knowledge from multiple branches, thereby enhancing the distilled
classifier’s performance. The aggregated prediction is computed by first av-
eraging the logits from individual branches (Eq. (10)) and then calculating
the aggregated softmax probability of input image x for class i (Eq. (11)):

si =
1

n

n∑
j=1

wijzj, (10)

Pagg(i|x) =
exp(si)∑C
k=1 exp(sk)

. (11)

While the accuracy of the aggregated prediction surpasses that of each single
classifier, it comes at the cost of n times higher computational complexity.
To expedite the inference process, we implement self-distillation from the
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aggregated prediction Pagg(·|x) to another single classifier σ with parameter
θkd (namely distilled classifier). The Kullback-Leibler (KL) divergence from
the aggregated prediction to the distilled classifier is employed to quantify
the difference between Pagg(·|x) and σ(x) in their predictions:

LKL = DKL(Pagg(·|x), σ(x)), (12)

where σ(x) = P (·|x; θkd). The loss between the prediction of the distilled
classifier and the ground truth is defined as cross-entropy loss:

LKD = LCE(σ(x), y). (13)

Therefore, the overall loss function for distilling from the aggregated predic-
tion to the distilled classifier is

Ltotal = LMB + τLKL + LKD. (14)

where τ is a hyper-parameter (τ ∈ (0, 1]), ensuring that the soft loss (LKL)
and the hard loss (LKD) contribute almost equally to the gradient magni-
tudes.

Following the incorporation of knowledge self-distillation, the distilled
classifier σ amalgamates insights derived from various individual classifiers.
During testing, if any of the trained individual classifiers can accurately cat-
egorize a given image, there is a strong likelihood that the distilled classifier
will also accurately classify it [61, 62]. Consequently, the distilled classifier
demonstrates exceptional performance. Ultimately, the distilled classifier
serves the role of the FGVR classifier within the RMDRL module. Specifi-
cally, in Eq. (3), the parameter θ should be replaced with θkd.

3.3. Inference Process

During the inference process, an input image with an initial region is fed
into the RMDRL module for discriminative region identification (refer to the
definition of ‘initial region’ in the ‘State’ section of Sec. 3.1). The image,
along with the identified discriminative region, is then input into the robust
FGVR classifier, which has been trained using our DKSD module, for final
object classification.
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Table 1: Statistics of datasets and their training/test splits. “BBox” indicates whether
this dataset provides object bounding box.

Dataset Meta-class #Train #Test #Class BBox

Aircraft Aircrafts 6667 3333 100
√

CUB-200 Birds 5994 5794 200
√

Stanford Cars Cars 8144 8041 196
√

Stanford Dogs Dogs 12000 8586 120
√

Oxford Flower Flowers 2040 6194 102 ×
BMW-10 Cars 258 254 10

√

Food-101 Food dishes 75750 25250 101 ×
Oxford Pets Dogs & cats 3680 3669 37

√

NaBirds Birds 23929 24633 555
√

4. Experiments

4.1. Experimental Setup

Datasets. We evaluate the performance of our method on nine FGVR
benchmark datasets, including Aircraft [4], CUB-200 Birds [1], Stanford Cars
[3], Stanford Dogs [2], Oxford Flower [66], BMW-10 [67], Food-101 [68], Ox-
ford Pets [69], and NaBirds [70]. The dataset details are provided in Table 1.
Notably, our method does not rely on ground-truth bounding box annota-
tions of objects or object parts, making it applicable to datasets without such
annotations, like Oxford Flower and Food-101 datasets.

Implementation Details. We use PyTorch [80] to implement our method.
ResNet-50 and ResNet-101 [65] serve as backbones for training FGVR classi-
fiers, aligning with previous works [74, 24, 40, 72]. The policy network in the
RMDRL module comprises five convolution layers, following the architecture
in [55]. The three branches, Q-RMD, Q-RMS, and Q-RSS, corresponding to
three action predictions, each contain one linear layer. In our predefined
regions, we utilize the entire image as the first predefined region, ensuring
that at least one predefined region contains the discriminative object region
regardless of the object’s position. Subsequently, the region is successively
reduced by 1

10
of the height/width for n− 1 times (where n is the number of

branches used) to generate other predefined regions.
In all our experiments, we resize input images to 224 × 224. Data aug-

mentation includes random horizontal flipping, while random cropping is
omitted to prevent potential loss of discriminative information in the image.
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Table 2: Comparison of performance (Top-1 accuracy in %) against three methods: the
recent state-of-the-art method, the leading attention-based method, and the DRL-based
method.

Aircraft CUB-200 Birds Stanford Cars
M2DRL [29] - M2DRL [29] 87.2 M2DRL [29] 93.3
SJFT* [71] - SJFT* [71] - SJFT* [71] -
P2P-Net[72] 94.2 P2P-Net[72] 90.2 P2P-Net[72] 95.4
SMGVT [73] - SMGVT [73] 91.6 SMGVT[73] -
SR GNN [47] 95.4 SR GNN [47] 91.9 SR GNN[47] 96.1
CAP [74] 94.9 CAP [74] 91.0 CAP[74] 95.7
Ours Res50 95.5 Ours Res50 92.2 Ours Res50 96.8
Ours Res101 95.9 Ours Res101 92.6 Ours Res101 96.6

Stanford Dogs Oxford Flower BMW-10
M2DRL [29] - M2DRL [29] - M2DRL [29] -
SJFT* [71] 90.3 SJFT* [71] 97.0 SJFT* [71] -
CPM* [75] 97.1 MC*loss [76] 97.7 G-PCANet [77] 57.9
SMGVT [73] 92.3 SMGVT [73] - SMGVT[73] -
SR GNN [47] 97.3 SR GNN [47] 97.9 SR GNN[47] -
CAP [74] 96.1 CAP [74] 97.7 LE-PCANet* [77] 71.6
Ours Res50 96.0 Ours Res50 97.9 Ours Res50 74.2
Ours Res101 96.5 Ours Res101 98.3 Ours Res101 74.0

Food-101 Oxford Pets NaBirds
M2DRL[29] - M2DRL [29] - M2DRL [29] -
SJFT* [71] - SJFT* [71] - SJFT* [71] -
GPipe[78] 93.0 GPipe [78] 95.9 DSTL* [79] 87.9

SMGVT [73] - SMGVT [73] - SMGVT[73] 90.6
SR GNN[47] - SR GNN [47] - SR GNN[47] 91.2
CAP [74] 98.6 CAP [74] 97.3 CAP [74] 91.0
Ours Res50 97.8 Ours Res50 97.0 Ours Res50 91.5
Ours Res101 98.2 Ours Res101 97.9 Ours Res101 91.1
* Methods marked with * use secondary dataset besides primary dataset.
The best accuracy in each dataset is in bold.

For both stages (Fig. 2(a) and (b)) of training, the optimizer is Adam [81]
with a learning rate of 0.001, a batch size of 64, and training epochs of 100
and 500 for the former and latter, respectively. During the agent training, we
incorporate prioritized experience replay [82] to sample experiences from a
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replay buffer. The replay memory has a capacity of 100,000, a discount factor
(γ) of 0.99 for future rewards, and the target Q-value and current Q-value
are initialized with random weights. The former is updated by the latter,
loading its learned weights after every 40 episodes. To encourage exploration
across action spaces, we employ the ϵ-greedy policy [83]. The RMDRL train-
ing involves 5-fold cross-validation, randomly splitting the dataset into five
parts, designating one part for testing, and using the remaining four for
training in each fold. The final accuracy is the average across the 5-folds.
All experiments are conducted on an NVIDIA RTX A5000 GPU.

4.2. Performance Comparison

As previously discussed, to demonstrate the efficacy of our approach, we
compare our method with two closely related groups of existing approaches:
attention-based approaches (e.g., CAP[74]) and DRL-based approaches (e.g.,
M2DRL[29]). In addition, we add one more recent state-of-the-art method
for each dataset, for instance, P2P-Net [72] on Aircraft [4], CUB-200 Birds
[1], and Stanford Cars [3] datasets; and CPM* [75] on Stanford Dogs [2].

The comparison results are shown in Table 2. Our method demon-
strates superior overall performance compared to state-of-the-art approaches,
outperforming the most recent P2P-Net [72], the top-performing attention-
based method CAP [74], and the DRL-based method M2DRL [29] across
all datasets, except for Stanford Dogs and Food-101. The performance is
achieved using various backbone architectures. This illustrates the efficacy
of our proposed method in discerning subtle changes for fine-grained object
recognition. Notably, among all the datasets, only BMW-10 is an ultra-fine-
grained dataset, consisting exclusively of 10 classes of BMW cars. Hence,
the performance on this dataset is lower than that of other datasets.

On the Stanford Dogs dataset, the leading method is CPM* [75], which
utilizes additional datasets (secondary datasets such as ImageNet and COCO)
for joint/transfer learning of objects, patches, and regions. In contrast, our
method exclusively employs the primary dataset focused on fine-grained ob-
ject recognition. Regarding the Food-101 dataset, CAP [74] achieves slightly
better performance with a 0.4% advantage over our method. This discrep-
ancy can be attributed to the fact that discriminative features in most Food-
101 images are uniformly distributed and repeated across the entire images.
Consequently, identifying the discriminative region on each image becomes
more flexible and easier. This is illustrated by the samples in Fig. 5, where (a)
from CUB-200 [1] exhibits centralized discriminative regions at the throat
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Figure 5: Alternative discriminative regions (in dotted yellow boxes) on images (a)
from CUB-200 [1], (b) and (c) from Food-101 [68].

Table 3: Comparison of trainable parameters (1st row), training time (2nd row) and GPU
memory usage (3rd row) between CAP and our method with ResNet-50 [65] as the back-
bone.

Backbone CAP Ours
Res50 36.9M [74] 23.0M + 5.03M
Res50 114 sec [74] 296 sec+14 sec
Res50 12GB [74] 10/24GB

Table 4: Recognition accuracy of the final classifier by distilling knowledge from various
number of weak classifier (branch).
Branch No. Aircraft CUB-200 Stanfords Cars Stanfords Dogs Oxford Flowers BMW-10 Food-101 Oxford Pets NaBirds

3 0.932 0.902 0.950 0.948 0.961 0.693 0.944 0.954 0.880
4 0.948 0.918 0.960 0.959 0.976 0.725 0.967 0.968 0.904
5 0.959 0.926 0.966 0.965 0.983 0.740 0.982 0.979 0.915
6 0.961 0.925 0.968 0.966 0.980 0.743 0.979 0.974 0.917

part of the bird with small offset variations in shape and size, making them
less apparent. Conversely, (b) and (c) from Food-101 [68] showcase alterna-
tive discriminative regions across the entire images, implying that identifying
any region leads to correct image recognition. Hence, the identification of dis-
criminative regions is not particularly challenging on the Food-101 dataset,
suggesting that our method does not offer a significant advantage over state-
of-the-art methods in this context. This highlights a limitation of our work.

In the detailed dataset-wise analysis, our method consistently exhibits
superior performance compared to the state-of-the-art approach CAP [74]
and other top-performing methods: Our method achieves a 1% accuracy im-
provement over CAP on Aircraft. Our method outperforms CAP by 1.6%
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Figure 6: Comparison of discriminability. This is conducted by forwarding testing
images, appending Train region (upper row) and Discriminative region (lower row), to an
FGVR classifier. Visualization is accomplished using t-SNE to depict class separability
and compactness in testing images across all datasets, excluding NaBirds. Notably, the
lower row in each dataset exhibits more distinct and compact clusters, indicating clearer
distinctions among clusters representing diverse subcategories.

on CUB-200, demonstrating its effectiveness on fine-grained bird recognition.
With a 1.1% improvement on Stanford Cars, our method surpasses the accu-
racy attained by CAP. Our method achieves a 0.4% performance gain over
the best-performing method (CAP) on Stanford Dogs, which exclusively uses
primary data. Our method slightly outperforms the state-of-the-art method
CAP in achieving accurate flower recognition on Oxford Flower. Our ap-
proach demonstrates a remarkable 2.6% accuracy boost over LE-PCANet*
[77], the best-performing method in recognizing BMW models. While our
method is slightly below CAP by 0.4% accuracy Food-101, it significantly
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Table 5: Comparison among evaluation accuracy of five independently trained classifiers
with different regions on testing images of all datasets. The results in columns from
FGVR 1 to FGVR 5 are their evaluation accuracy by using corresponding Train regions,
results marked in blue indicates the best accuracy. The results in column Avg CAM are
the average accuracy of testing the five classifiers with CAM regions. The results in column
Avg RL are the average accuracy of evaluating the five classifiers with the RL agent tuned
regions.

Dataset FGVR 1 FGVR 2 FGVR 3 FGVR 4 FGVR 5 Avg CAM Avg RL

Aircraft 0.893 0.905 0.887 0.898 0.901 0.911 0.928
CUB-200 0.858 0.862 0.866 0.860 0.856 0.864 0.905

Stanford Cars 0.916 0.924 0.919 0.908 0.921 0.915 0.942
Stanford Dogs 0.885 0.894 0.887 0.890 0.906 0.914 0.948
Oxford Flower 0.912 0.909 0/916 0.925 0.918 0.928 0.944

BMW-10 0.672 0.696 0.681 0.705 0.702 0.708 0.732
Food-101 0.921 0.934 0.928 0.919 0.911 0.937 0.955

Oxford Pets 0.919 0.928 0.930 0.927 0.922 0.925 0.953
NaBirds 0.852 0.859 0.868 0.855 0.849 0.870 0.889

outperforms the second-best method, GPipe [78], by 4.8%. Our method out-
shines CAP by 0.6% in accurate pet classification on Oxford Pets. Achieving
a 0.5% higher accuracy than CAP on NaBirds, our method excels in recog-
nizing fine-grained bird species.

Specifically, the representative DRL-based method, M2DRL[29] was ex-
clusively implemented on two datasets: CUB-200 and Stanford Cars. One
can observe a clear performance margin favoring our method over M2DRL on
these two datasets (5% on CUB-200 and 3.3% on Stanford Cars). This aligns
with our earlier discussion, highlighting that the segmentation of discrimi-
native characteristics into multiple parts within M2DRL adds complexity to
the localization process, potentially increasing the risk of overlooking crucial
elements.

Notably, on Oxford Flower, BMW-10 and NaBirds, our method outper-
forms approaches MC*loss [76], LE-PCANet* [77] and DSTL* [79] that rely
on secondary datasets, showcasing the robustness and effectiveness of our
proposed method.

The aforementioned observations across all datasets highlight the data
efficiency of our method, as it requires no additional secondary datasets.
Moreover, our model (28.03M parameters) is more parameter-efficient com-
pared to CAP (36.9M parameters), as indicated in Table 3. Despite our
method comprising two stages, it avoids the use of additional subnetworks,
and the DRL agent training policy network [55] is notably shallow, result-
ing in fewer trainable parameters compared to CAP. Besides, we compared
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Figure 7: Comparison between individual classifiers and the distilled classifier.
All classifiers receive images with bounding boxes fine-tuned by the DRL agent, which are
specifically trained to align with the preferences of individual FGVR classifiers.

Figure 8: Visualization of Discriminative region adaptation. For each dataset, we
present two samples overlaid with CAM regions (in green boxes), initial regions (in red
boxes), and RMDRL-tuned discriminative regions (in yellow boxes). The symbols N , U ,
D, L, and R indicate that the region’s moving direction is “none”, “up”, “down”, “left”,
and “right”, respectively. The associated values with RMS and RSS represent the region-
moving scalar towards a direction and the region-scaling scalar.

training time and GPU memory usage between CAP and our method with
5 individual classifiers in DKSD module on Aircraft dataset in Table 3. No-
tably, our method requires training 5 classifiers simultaneously within the
DKSD module, resulting in a significantly higher training time compared to
CAP.

In essence, our approach relies on the capability of any individually
trained classifier to accurately categorize an image when provided with a
discriminative region. Only in such cases can the distilled classifier ensure
correct classification. The RMDRL module plays a pivotal role in automati-
cally adjusting an initial region towards the discriminative region. It is crucial
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to note, however, that if the distilled classifier itself struggles to recognize an
image even with the discriminative region, our method may fail to classify
the image even if the DRL agent successfully identifies the discriminative
region.

4.3. Ablation Study

We conducted three ablation studies to examine the impact of different
factors on our method’s performance: the influence of the number of individ-
ual classifiers, the effectiveness of RMDRL, and the efficacy of DKSD. The
results for the impact of the number of individual classifiers are presented in
Table 4. The outcomes for the other two ablation studies are discussed in
Sec. 4.3.2 and Sec. 4.3.3, respectively. These studies analyze the contribu-
tions of four components: (1) Base component (without the use of RMDRL
and DKSD), represented by the first five columns of Table 5. (2) Base com-
ponent with RMDRL, illustrated by the first five bars on each dataset in
Fig. 7. (3) Base component with both RMDRL and DKSD, represented by
the last bar on each dataset in Fig. 7. The detailed results of these ablation
studies are as follows.

4.3.1. Impact of the number of individual classifiers

The number of individual classifiers is a critical parameter, and we con-
ducted experiments to analyze its impact (Table 4). The recognition accu-
racy of the distilled classifier changes with the number of individual classi-
fiers, showing the following trends: (1) A significant improvement is observed
across all datasets when the number of individual classifiers increases from 3
to 4. (2) The improvement rate slows down when the number of individual
classifiers goes from 4 to 5. (3) Setting the number of individual classifiers to
6 results in insignificant accuracy improvements on Aircraft (0.2%), Stanford
Cars (0.2%), Stanford Dogs (0.1%), BMW-10 (0.3%), and NaBirds (0.2%).
Additionally, there is a slight accuracy drop on CUB-200 (-0.1%), Oxford
Flower (-0.3%), Food-101 (-0.5%), and Oxford Pets (-0.5%). According to
the computation of predefined regions described in ‘Implementation Details’,
the fifth region in an image contains only half of the original image’s content,
and the sixth region contains even less. Due to variations in data distribution
across datasets like CUB-200 and Oxford Flowers, the center of the discrim-
inative region may not align with the center of the image. Thus, the sixth
region is less likely to provide additional useful information for the individual
classifiers to aggregate. This, combined with training randomness, can lead
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to a slight performance drop on some datasets when the number of classifiers
exceeds five, explaining trend (3).

After careful consideration of accuracy and model complexity, we deter-
mine that the optimal number of individual classifiers for the DKSD module
is 5. Subsequently, individual classifiers are named from FGVR 1 to FGVR 5
in the following studies.

4.3.2. Effectiveness of RMDRL

Table 5 provides a comprehensive accuracy comparison among indepen-
dently trained individual FGVR classifiers using three types of regions as
inputs. The columns FGVR 1 to FGVR 5 (base component) present results
from classifiers trained with Train regions corresponding to five areas em-
ployed for training five individual classifiers. The Avg FGVR column shows
the average values obtained from FGVR 1 to FGVR 5. The Avg CAM col-
umn displays the average accuracy obtained by feeding CAM regions to the
five classifiers. The Avg RL column values represent the average results from
classifiers with the discriminative region which is tuned by RMDRL module.

Across all datasets, the Avg RL (Base component with RMDRL) con-
sistently outperforms the best result (highlighted in blue) from columns
FGVR 1 to FGVR 5 and the one in column Avg CAM by a significant mar-
gin. This indicates that the RMDRL module effectively adjusts the initial
region on a testing image, providing better discriminative characteristics tai-
lored to a specific classifier and consequently improving recognition accuracy.
Further more, comparing the Avg RL value with the results of M2DRL on the
CUB-200 and Stanford Cars datasets (in Table 2) reveals that the Avg RL is
0.905 on CUB-200, compared to M2DRL’s 0.872, and 0.942 on Stanford Cars,
compared to M2DRL’s 0.933. This comparison demonstrates that using a
single region produces better results.

In examining individual classifiers (FGVR 1 to FGVR 5), the accuracy
differences are not significant due to variations in object size, pose, and loca-
tion across the dataset. The dilemma of enhancing accuracy on some objects
at the cost of accuracy on others is observed, depending on the selected re-
gions. This trade-off is mitigated by employing the RMDRL module in our
method.

For qualitative analysis, we investigated the impact of the RMDRL’s tun-
ing on the initial region to enhance classifier discriminability. Testing images
from all datasets (except NaBirds) were used for this purpose. An individual
FGVR classifier (e.g., FGVR 2) was chosen as an example, and discrim-

24



inability was compared when fed with Train region and the RMDRL-tuned
discriminative region. The discriminability comparison in Fig. 6 reveals that
forwarding the discriminative region as input results in clusters that are far-
ther apart and more compact, enhancing differentiation among various clus-
ters denoting different subcategories. This improvement is observed across all
datasets, underscoring the importance of the RMDRL’s tuning for boosting
recognition performance.

4.3.3. Effectiveness of DKSD

We conducted a comparison between individual classifiers (Base compo-
nent with RMDRL) and the distilled classifier (Base component with RM-
DRL and DKSD) by utilizing the discriminative region tuned by RMDRL
module. The results, as illustrated in Fig. 7, reveal that the best accu-
racy among individual classifiers varies across different datasets. For in-
stance, FGVR 4, FGVR 3, and FGVR 4 performed the best on Aircraft,
CUB-200, and Stanford Cars, respectively, while FGVR 1, FGVR 5, and
FGVR 2 achieved the highest accuracy on Stanford Dogs, Oxford Flower,
and BMW-10.

This variability is attributed to differences in instance size across datasets.
Importantly, the DKSD module plays a crucial role in aggregating the learned
knowledge from multiple individual classifiers into the distilled classifier.
This distilled classifier consistently achieves the highest accuracy across all
datasets, underscoring the effectiveness of the knowledge distillation module
in enhancing the overall performance of our method.

4.4. Qualitative Analysis

In Fig. 8, we present qualitative results showcasing discriminative regions
adapted from different datasets. Each sample is overlaid with a CAM region
(green boundary), an initial region (red boundary), and the RMDRL-tuned
discriminative region (yellow boundary). The results vividly illustrate the
capability of the RMDRL (DRL adapter) to fine-tune the initial region to-
wards the discriminative region, encompassing the majority of informative
characteristics (pixels of hot color in the CAM region) and an appropriate
portion of context information.

A comparison between two examples from the same dataset reveals varia-
tions in the discriminative region across images within the same subcategory.
Furthermore, we observe that even when the Intersection over Union (IoU)
between the CAM region and the RMDRL tuned discriminative region is
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large, their center point, shape, and size may differ. This underscores that
the CAM region serves as a facilitator for identifying the discriminative region
but is not equivalent to it. Thus, the visualization results provide additional
confirmation of the imperative role played by the RMDRL module in learning
for effective region tuning.

The visualization results reveal that, although we identify only one dis-
criminative region, the RMDRL module ensures that this tuned region cap-
tures the most discriminative features while minimizing the inclusion of back-
ground elements. This demonstrates the module’s effectiveness in focusing on
the critical parts of the image for accurate classification, thereby enhancing
the overall performance despite working with a single region. This supports
the idea that ‘one could be better than many.

4.5. Discussion

In the DKSD module, we leverage self-distillation to enhance the classi-
fier’s performance. An alternative approach to knowledge aggregation is the
use of an ensemble [84, 85]. Ensemble methods have indeed demonstrated
success by improving classifier performance through the averaging of outputs
from multiple independently trained neural networks [61, 62, 63]. In contrast,
knowledge distillation involves training a single model to match the output
of the ensemble by minimizing a loss, as depicted in Eq. (12). Since this
loss generally cannot be minimized to 0, the accuracy of the model based on
knowledge distillation may experience a slight reduction.

We opt for self-distillation in our framework for two primary reasons.
Firstly, it enhances efficiency in the inference stage. Ensembles demand con-
siderable computational resources during inference, as they involve running
inference on multiple individually trained models. Secondly, self-distillation
reduces the complexity in learning the adaptation of the discriminative re-
gion. Ensemble models generate multiple classifiers with potential variations
in performance across images. Consequently, adapting the region adjustment
process would need to account for the preferences of multiple models, intro-
ducing additional learning complexity. It is important to note that, as shown
in Section 1, we do not claim to have designed a new KD module itself, but
rather that we have effectively applied the existing KD approach in a novel
way to enhance the overall system’s performance.
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5. Conclusion

In this work, we employ the localize-to-classify paradigm for FGVR: first
localizing the discriminative region in the image and then classifying it. We
observe that the neural network’s ability to accurately recognize objects is
highly dependent on the specific discriminative regions it utilizes, and these
regions can vary greatly even within the same object category. Existing
approaches [28, 29] tackle this issue by leveraging DRL to simultaneously
determine which and how many regions are discriminative, which introduces
inherent complexities for the DRL agent. To this end, we introduce a Rein-
forced Most-Discriminative Region Localization (RMDRL) module to infer
a single, most discriminative region in the image, with guidance/feedback
from a trained FGVR classifier. To guarantee that the FGVR classifier can
accurately classify an image once its discriminative region is identified, we
construct a robust classifier by introducing a Discriminative Knowledge Self-
Distillation (DKSD) module. It aggregates knowledge about discriminative
regions from multiple individual classifiers with different predefined coarse
bounding boxes, resulting in a distilled, more robust classifier. Our exper-
iments, including comparisons against recent state-of-the-art methods and
ablation studies on nine datasets, demonstrate the effectiveness of our ap-
proach for FGVR. Notably, our findings support the contention that a single
discriminative region localized by DRL can outperform multiple discrimina-
tive regions, as advocated in prior works such as [28, 29], in the context of
FGVR.
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