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Abstract—Fine-grained visual classification (FGVC) plays a
crucial role in the realm of computer vision. Recently, multimodal
FGVC methods, leveraging textual descriptions as semantic
guidance, have gained considerable attention. However, current
approaches often encounter two primary limitations: 1) Redun-
dant or ambiguous textual descriptions: existing methods rely
on raw or generated descriptions without filtering, introducing
redundant and ambiguous semantic noise; and 2) Underuti-
lization of hierarchical visual features: most approaches align
single-layer visual features with auxiliary semantic embeddings,
underutilizing hierarchical information. To address these chal-
lenges, we propose a task-oriented multimodal FGVC framework
that eliminates textual redundancy while enhancing multi-layer
alignment between cross-modalities. Specifically, our method
comprises two key components: Hierarchical Semantic Purifi-
cation (HSP) and Multi-layer Cross-Modal Alignment (MCA).
The former employs a semantic distillation dictionary to elim-
inate redundant elements and uses a self-attention mechanism
for ranking and semantic refinement. The latter establishes
effective cross-modal fusion by integrating multi-layer features
with purified text features, effectively combining multi-scale
visual representations. Experimental results on 7 public datasets
demonstrate that our proposed method outperforms existing
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counterparts, contributing to advancements in fine-grained visual
classification.

Index Terms—Fine-grained visual classification, multimodal
learning, alignment and fusion.

I. INTRODUCTION

F INE-GRAINED visual classification (FGVC) aims to
distinguish subordinate categories within the same class

(e.g., bird species [1], [2], dog breeds [3], aircraft [4]), and has
demonstrated significant potential in domains such as biodiver-
sity monitoring [5], diseases subtype identification [6], [7], [8],
[9], ophthalmic imaging [10], [11], security [12], and industrial
defect inspection [13], [14]. The core challenge of FGVC
lies in modeling subtle inter-class differences while remaining
robust to large intra-class variations [15]. Traditional FGVC
approaches can be divided into two paradigms: unimodal
(visual-only) [16], [17], [18] and multimodal (vision-language
fusion) approaches [19].

Unimodal approaches focus on extracting salient visual
features and have demonstrated competitive performance
by effectively capturing fine-grained information from high-
resolution images [20], [21], [22], [23], [24]. However, the
information provided by single-modal data is limited due to its
inability to leverage complementary cross-modal information,
which is crucial for robust feature representation in complex
scenarios. To address these limitations, recent works have
turned to multimodal learning, integrating vision and language
modalities [19], [25], [26], [27], [28]. By leveraging textual
descriptions to guide visual attention, these methods have
demonstrated impressive performance in FGVC. As illustrated
in the Fig. 1(a), existing multimodal FGVC methods still
suffer from two critical challenges despite their promise.
1) Redundant or ambiguous textual descriptions: Many
current methods utilize descriptions generated by vision-
to-language generative models [29], [30], [31], [32], [33]
or collected from public repositories [34]. These textual
descriptions often contain visually irrelevant elements (e.g.,
background) or ambiguous descriptions (e.g., size, pose),
which can lead to attention diffusion and degraded classifi-
cation performance [19], [35]. While recent advances such as
prompt tuning [36], [37], [38], [39], [40] and prompt-guided
multimodal generation frameworks [41] improve input-level
adaptation, they fall short in explicitly filtering noise or mod-
eling token-level semantic relevance. 2) Underutilization of
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Fig. 1. Motivation: The integration of redundant textual features and single-
layer visual features. The previous (Left) utilizes redundant textual inputs
with the last-layer visual features, yielding diffuse attention activation with
background interferences. In contrast, our method (Right) integrates the HSP
and MCA modules to focus on discriminative regions (e.g., avian beaks,
caudal, and pedal extremities) while suppressing environmental noise.

hierarchical visual features: Existing multimodal approaches
primarily align final-layer visual features with single-layer
text embeddings, neglecting rich hierarchical visual represen-
tations in deep visual backbones. This simplification hinders
the model’s ability to capture cross-scale semantic corre-
spondences, thereby limiting the effectiveness of cross-modal
integration [42].

Motivated by the above discussions, we propose a task-
oriented multimodal fine-grained visual classification frame-
work as distinctively shown in Fig. 1(b), which consists of two
components. 1) Hierarchical Semantic Purification (HSP):
A text refinement module that removes redundant or ambigu-
ous tokens based on a domain-specific dictionary and a token
contribution ranking mechanism. This purification ensures that
only the most semantically discriminative tokens are retained
for vision-language alignment. 2) Multi-layer Cross-modal
Alignment (MCA): A cross-modal fusion module that hierar-
chically integrates multi-layer visual features with dynamically
reshaped multi-layer text embeddings refined by the HSP
module. The text embeddings are reshaped to match multi-
level visual features and fused via adaptive cross-attention,
followed by a contrastive loss to regularize cross-modal
feature consistency under the supervision of classification
objectives.

The illustration of Fig. 1 contrasts our method with the
previous one, emphasizing that our proposed method effec-
tively suppresses irrelevant background activations and focuses
attention on semantically discriminative object regions (e.g.,
the regions of avian beak, caudal, and pedal). Extensive
experiments on 7 public FGVC datasets demonstrate that
our approach consistently outperforms previous excellent uni-
modal and multimodal baselines, validating the effectiveness
of both HSP and MCA components. To summarize, our main
contributions are as follows.

• We propose a task-oriented hierarchical semantic purifi-
cation strategy for multimodal fine-grained visual classi-
fication, which filters redundant and ambiguous textual
tokens to retain visually grounded and discriminative
descriptive cues.

• We design an effective multi-layer cross-modal align-
ment scheme that aligns hierarchical textual features with
visual representations, enabling structurally consistent

and semantically stable multimodal fusion tailored to fine-
grained discrimination.

• We conduct comprehensive experiments on 7 widely used
fine-grained visual classification datasets, demonstrating
the robustness and effectiveness of our method against
recent state-of-the-art methods.

II. RELATED WORK

A. Unimodal Fine-Grained Visual Classification

Unimodal FGVC methods rely solely on the visual modality
to distinguish fine-grained categories, which can be broadly
categorized into two main categories [15]: convolutional neural
network (CNN)-based approaches [43], [44], [45], [46], [47]
and Transformer-based approaches [48], [49], [50], [51], [52].
CNN-based methods typically localize the most discriminative
regions and extract part-level visual features to improve clas-
sification. Representative works, such as CrossX [53], DCL
[54], P2P-Net [20], FDL [55], SFFF [56], AMRFF [57], and
PMG-V2 [58], adopt part alignment, keypoint supervision
or region feature learning to reduce intra-class variation.
Transformer-based models have shown notable performance
due to their global receptive fields and self-attention mecha-
nisms. Pioneering works, such as TransFG [59], IELT [23],
DoD [60], TransIFC [61], MPSA [62], FAL-ViT [63], CAMF
[64], and ViT-Net [48], leverage patch-wise attention to extract
rich semantics and enhance global-local feature interaction for
identifying the object. Further improvements, such as the Swin
Transformer [49], further improve hierarchical representation
by introducing window-based attention mechanisms. More
recently, semantic-aware self-supervised learning has been
introduced to enhance discriminative representation learning
for fine-grained visual recognition without relying on addi-
tional annotations [65], demonstrating the effectiveness of
semantic supervision for feature learning.

Although unimodal methods have shown strong perfor-
mance, they are still constrained by the lack of semantic
guidance from other modalities, which is particularly critical
in visually ambiguous or low-resolution settings.

B. Multimodal Fine-Grained Visual Classification

Multimodal learning has attracted substantial attention in
FGVC due to its ability to leverage complementary infor-
mation across modalities [15]. Compared with unimodal
approaches, integrating textual cues with visual features
strengthens semantic grounding and discriminative capabil-
ity. Pioneering studies established joint embedding spaces
[28] and introduced pooled textual features as auxiliary
supervision [25]. Subsequent methods enhanced cross-modal
modeling using Fisher vectors [26], [27], self-attention [42],
and dynamic MLPs [66]. More recently, prompt tuning has
become a dominant paradigm for adapting frozen vision-
language models such as CLIP [67]. Representative methods
include CoOp [37], CoCoOp [36], MaPLe [38], and multi-
granularity prompt learning [68]. Large-scale vision-language
models, including BLIP-2 [30] and LLaVA [69], improve
multimodal understanding but are not designed for fine-grained
recognition. Recent studies have also explored hierarchical
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Fig. 2. Overview of the proposed multimodal FGVC framework. The upper section illustrates the HSP module, which refines and purifies the most relevant
textual features through a 2-stages purification process. The lower section denotes the MCA module, which synergistically enhances multi-layer cross-modal
feature interaction. The gθh comprises a linear layer and four convolutional layers, transferring the single-level textual feature into a multi-layer textual
representation.

architectures [70], domain adaptation [71], [72], and text-
guided feature refinement [73] to enhance robustness and
cross-modal interaction. Inspired by these advances, our work
focuses on purifying textual descriptions before hierarchical
cross-modal alignment, reducing the adverse effects of lin-
guistic noise.

Consequently, despite the remarkable progress of multi-
modal FGVC methods, two key limitations remain: 1) Redun-
dant or ambiguous textual descriptions: existing methods
rely on unfiltered descriptions, introducing semantic noise;
and 2) Underutilization of hierarchical visual features:
most methods align single-layer visual features with seman-
tic embeddings, underutilizing deeper representations. Our
method instead focuses on semantic distillation by refin-
ing salient semantics while retaining informative signals. To
address these challenges, we propose a unified framework
comprising a Hierarchical Semantic Purification (HSP) module
and a Multi-layer Cross-modal Alignment (MCA) module.
HSP refines textual input through a multi-stage process, pre-
serving the most discriminative tokens while filtering out
noise. MCA performs semantic-level cross-attention between
multi-layer textual and visual representations, enabling more
precise multimodal fusion.

III. METHODOLOGY

As illustrated in Fig. 2, our proposed framework con-
sists of two pivotal components: the Hierarchical Semantic
Purification (HSP) module and the Multi-layer Cross-modal
Alignment (MCA) module. HSP refines the initial textual
descriptions by filtering out redundant or irrelevant informa-
tion and selecting the most semantically discriminative words.
MCA facilitates effective integration and alignment between
hierarchical visual and textual features.

A. Hierarchical Semantic Purification

HSP adopts a hierarchical text purification framework to
refine textual descriptions. Specifically, it consists of two

Fig. 3. Illustration of the Dictionary Purification.

stages: (1) dictionary-guided purification, which removes irrel-
evant and ambiguous words based on predefined linguistic
priors; and (2) contribution-aware ranking, where tokens are
scored and selected according to their contextual relevance. To
further improve generalization, the purified tokens are jointly
optimized with randomly initialized learnable tokens, acting
as adaptive semantic complements. Through this multi-stage
refinement process, HSP preserves discriminative textual cues
while suppressing noisy information, facilitating fine-grained
classification.

As depicted in Fig. 2, rule-based text filtering, such as stop-
word and domain-specific removal, has been widely adopted in
NLP to reduce semantic redundancy and improve downstream
representations [74], [75]. Inspired by these practices, we con-
struct a semantic dictionary Dict(·) that categorizes words into
irrelevant words (e.g., “the”, “a”, “and”), semantically ambigu-
ous words (e.g., “big”, “small”), and discriminative words. To
ensure scalability and eliminate intensive manual engineering,
Dict(·) is constructed via a hybrid approach combining data
statistics and linguistic rules. Irrelevant and ambiguous words
often provide limited discriminative information and may
introduce noise during multimodal alignment. For example,
the phrase “standing on a branch” frequently appears across
descriptions of many bird species (Fig. 3), potentially mis-
leading cross-modal correspondence. By filtering descriptions
with a domain-tailored dictionary, HSP preserves visually
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correlated attributes while suppressing redundant expressions,
enhancing the robustness of subsequent cross-modal fusion.
Notably, the textual descriptions generated by MiniCPM are
objective visual observations and do not encode class labels.
Consequently, the purified textual features serve as auxiliary
semantic guidance for visual representation learning without
leaking ground-truth category information.

During the Contribution Ranking stage, the purified descrip-
tion is tokenized into M discrete tokens via a tokenizer Tk(·).
To identify the most discriminative semantic elements, we
introduce a self-attention-based Contribution Ranking mech-
anism that captures contextual dependencies among tokens.
Specifically, the token sequence is processed by a self-attention
module Self(·) to compute pairwise token affinities, based on
which a Contribution Ranking Score is derived for each token
by aggregating its contextual connectivity (Fig. 2, top). Tokens
are then ranked according to their contribution scores, and the
top N tokens are selected to preserve the most informative
semantic cues. To enhance adaptability while maintaining
stable cross-modal alignment, these high-contribution tokens
are concatenated with a set of randomly initialized learnable
tokens tk and jointly encoded by a frozen CLIP text encoder
Et(·) [76]. The resulting refined textual embeddings are sub-
sequently employed for alignment.

HSP enhances semantic precision by systematically remov-
ing redundant or noisy elements and retaining only the most
discriminative tokens. Through contribution-based ranking, the
model emphasizes textual cues closely aligned with fine-
grained visual semantics, thereby improving both textual
representation quality and multimodal alignment. The overall
operation can be formally expressed as:

FT = Et(Self(Tk(Dict(ti))) + tk) ∈ RB×Ls×Cs , (1)

where B denotes the batch size, Ls corresponds to the spa-
tial sequence length and Cs represents the feature channel
dimension. The refined text feature FT obtained through the
HSP serves as the input to the MCA module. It is worth
noting that while FT is subsequently mapped to different
dimensions to match multi-level visual features, these variants
are scale-adapted and re-parameterized forms of the same
unified, purified semantic representation, rather than implies
that the text itself contains an intrinsic hierarchical structure.

Although the HSP module operates independently within
each mini-batch, the use of a shared CLIP text encoder
across all samples enables token representations to accumulate
global semantic context throughout training. Consequently,
while the Contribution Ranking mechanism selects top tokens
locally within batches, the shared embedding space ensures
that semantically salient tokens are consistently emphasized
across batches. This design enables the model to learn global
dependencies by aggregating semantic information, allowing it
to establish relationships between discriminative tokens even
if they never appear together within a single mini-batch.

B. Multi-Layer Cross-Modal Alignment

To strengthen the alignment between textual and visual
modalities in multi-layer feature spaces, we propose Multi-
layer Cross-modal Alignment (MCA) module. As illustrated

Fig. 4. Detailed process of the MCA module.

in Fig. 4, MCA establishes fine-grained associations between
linguistic cues and visual features by integrating multi-layer
representations from both modalities. This integration effec-
tively bridges the semantic gap in multimodal learning by
reinforcing cross-modal consistency and capturing comple-
mentary information across hierarchical levels.

Most existing approaches align a single-layer textual rep-
resentation with visual features, which limits their ability to
exploit the hierarchical and multi-scale structure of modern
visual backbones. In addition, a global text embedding often
lacks sufficient structural correspondence for effective multi-
level fusion. To overcome these limitations, we project a
shared purified text embedding into multiple spatial resolutions
using lightweight linear projections followed by depth-aware
convolutions. Notably, these multi-level textual features do not
introduce new semantic content; rather, they are determin-
istic re-parameterizations of the same underlying semantics,
adapted to match the spatial scales of corresponding visual
layers. Since all textual representations are derived from a
common embedding and optimized under unified supervision,
semantic consistency across scales is naturally preserved,
enabling structurally coherent and effective cross-modal fusion
for fine-grained classification.

Formally, let FT ∈ R
B×Ls×Cs denote the purified textual

representation produced by HSP (see Eq. 1). Rather than
assuming any inherent linguistic hierarchy, we introduce a
semantic projection operator gθh(·) to perform task-oriented
representational re-parameterization, adapting a single global
textual embedding to the multi-stage structure of the visual
encoder. Specifically, gθh(·) is implemented using lightweight
linear projections followed by depth-aware convolutions,
yielding a set of scale-aligned textual features:

Tstages = gθh(FT ) = {T1,T2,T3,T4}. (2)

Here, each Ti ∈ R
B×Hi×Wi×Ci is constructed to match the

spatial resolution and channel dimension of the corresponding
visual feature map Ii. The number of projection branches is
determined by the depth of the visual backbone, rather than
by any linguistic prior. This scale-consistent design facili-
tates structured cross-modal interaction across visual stages
while introducing minimal inductive bias. Despite its simplic-
ity, the proposed linear projection-based formulation proves
effective in practice, as validated by the ablation studies in
Section IV-D.4, which demonstrate consistent improvements
in alignment quality and fine-grained classification accuracy.

Specifically, as illustrated in Fig. 2, MCA receives a set
of hierarchical features from visual and textual modalities
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as input. It is important to clarify that the MCA module
is not intended to perform complex reasoning-oriented or
generative multimodal fusion. Instead, its design goal is
to enable alignment-driven semantic interaction between
structurally corresponding visual and textual features. By
operating under scale-consistent representations, MCA focuses
on establishing reliable semantic correspondence with minimal
architectural overhead, which is particularly suitable for fine-
grained visual classification. The four-stage visual features
Istages = {I1, I2, I3, I4} are extracted from the image encoder
Ei(·),1 ≤ i ≤ 4, while the corresponding four-stage textual
features Tstages = {T1,T2,T3,T4} are obtained via semantic
projection of the purified text embeddings, as introduced in
the previous section.

To enable cross-modal interaction, visual and textual fea-
tures at semantic level are projected into a shared latent space
using a modality alignment operator gθm (·), formulated as:

Îi = gθm (Ii),

T̂i = gθm (Ti), i = 1, 2, 3, 4, (3)

where Îi and T̂i denote the aligned visual and textual feature at
the i-th level. This projection into a unified embedding space
facilitates the learning of cross-modal representations, forming
the foundation for subsequent cross-attention-based fusion.

Then, the cross-modal interaction is modeled using
attention-based correlation matrices. We compute an attention
matrix Mi,t ∈ R

Hi×Wi at each semantic level i to measure the
spatial relevance between Îi and the corresponding T̂i:

Mi,t = T̂i ⊗ Îi, (4)

where ⊗ denotes matrix multiplication along the feature
dimension. Such similarity-based alignment has been shown
to be effective and interpretable for establishing cross-modal
relationships without introducing excessive inductive bias.

Based on the computed attention matrix Mi,t, the visual
features are semantically enhanced via a residual fusion mech-
anism, which can be formulated as:

T Ii = Îi + Mi, t, (5)

where the residual connection facilitates gradient flow and
integrates semantic priors from the textual modality directly
into the visual stream. This integration enriches the visual
representation with language-grounded context, improving the
model’s capacity to distinguish fine-grained details.

Subsequently, the enhanced visual-semantic representations
{T Ii}

4
i=1 and the corresponding textual features {Ti}

4
i=1 are fed

into the Part Sampling (PS) [62] module. This module lever-
ages adaptive attention mechanisms to selectively aggregate
salient semantic components from both modalities, resulting
in a compact and discriminative fusion feature FI . Meanwhile,
the four-stage textual representation Tstages is reverted to
its original purified form FT , ensuring semantic consistency
during alignment. The overall operation of the PS module can
be expressed as:

FI , FT ,W∗ = ΨPS (T Istages,Tstages), (6)

where ΨPS (·) denotes the adaptive feature aggregation process
performed by the Part Sampling module, and W∗ represents

the attention weights computed during sampling, which are
further utilized in the alignment objective.

To establish robust cross-modal correspondence, we intro-
duce a similarity-based alignment loss that enforces semantic
consistency between fused visual features FI and their corre-
sponding textual embeddings FT . Specifically, we compute a
cross-modal similarity matrix M f ∈ RB×Hi×Wi as:

M f = σ(FI × FT ), (7)

where σ(·) denotes the sigmoid activation function, and ×
represents the inner product between the two modalities. The
similarity matrix M f captures the degree of local semantic
correspondence between visual and textual representations at
each spatial location. It guides the alignment of the joint
embedding space and promotes learning of modality-invariant
features essential for fine-grained classification.

To further refine the multimodal representations, we per-
form a label-free cross-modal feature fusion by concatenating
the similarity scores with the original modality features and
projecting them into a shared embedding space:

F̃I = φ(cat(M f , FI)),
F̃T = φ(cat(M f , FT )), (8)

where cat(·) denotes concatenation along the feature dimen-
sion, and φ(·) represents a learnable projection layer shared
across modalities. Importantly, the similarity matrix M f is
computed solely from visual and textual features without any
access to ground-truth labels or class-specific information. All
fusion operations in Eq. 8 are performed prior to classification,
and the ground-truth labels are only introduced afterward
through the classification loss. The fused multimodal repre-
sentation F̃I is then used as input to the classification head.

Finally, to explicitly align the projected visual and textual
embeddings, we define an alignment loss Lit based on the mean
squared error (MSE) between them. This loss encourages the
fused visual features and their corresponding textual features
to remain close within the shared embedding space, promoting
better cross-modal consistency. It is formulated as:

Lit =
1
B

BX
b=1




F̃(b)
I − F̃(b)

T




2

2
, (9)

where F̃(b)
I and F̃(b)

T represent the projected visual and textual
embeddings of the b-th sample, respectively.

Although Lit is implemented as an MSE loss, strong
semantic alignment is implicitly enforced by category-level
supervision and hierarchical cross-modal interactions, rather
than relying on the alignment loss alone.

C. Loss Function

To effectively supervise the multimodal fine-grained visual
classification task, we adopt a composite loss function com-
prising three components: (1) the standard cross-entropy loss
Lsva, (2) the cross-modal alignment loss Lit introduced in
Eq. 9, and (3) a class activation consistency loss Lcam based on
Grad-CAM [77], [78]. These loss terms are jointly optimized
to enhance classification accuracy, semantic alignment across
modalities, and spatial interpretability.
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1) Cross-Entropy Loss: The fused image representation F̃I ,
which encodes cross-modal similarity, is fed into the classi-
fication head. It is first normalized by a layer normalization
LN(·), followed by a fully connected layer FC(·). The final
prediction is supervised by the standard cross-entropy loss:

Lsva = −

KX
c=1

yc log

0@ exp
��

FC
�
LN

�
F̄I
��

c

�PK
j=1 exp

��
FC

�
LN

�
F̄I
��

j

� 1A , (10)

where K is the number of classes and yc is the ground-truth.
This objective preserves discriminative power and robust-

ness in the fused representation for fine-grained classification.
2) Class Activation Consistency Loss: To encourage the

model to attend to semantically meaningful regions, we intro-
duce an auxiliary supervision mechanism based on Grad-CAM
[77]. This consistency constraint aligns the model’s attention
with class-relevant visual evidence.

We begin by constructing a multi-scale fused feature map
F∗ ∈ RH×W×C by concatenating the visual-textual interaction
features {T Ii}

4
i=1(see Eq. 5). A ReLU activation σ(·) is applied

to introduce non-linearity:

F∗ = σ (Concat(T I1,T I2, . . .,T Is)) , s = 4. (11)

Following the standard procedure, we calculate the impor-
tance weight αc

k for the k-th channel with respect to the target
class score yc (prior to softmax) by averaging the gradients:

αc
k =

1
HW

HX
i=1

WX
j=1

∂yc

∂Fk
i j
, (12)

where Fk
i j is the activation at spatial location (i, j) in channel

k of the fused feature map F∗. This weighting reflects the
relative influence of each channel on the prediction of class c.

Next, we compute the raw class activation map by linearly
combining the feature channels using the weights αc

k:

Mc
raw =

CX
k=1

αc
kFk, (13)

where Fk ∈ RH×W represents the k-th channel slice of F∗. We
then apply ReLU σ(·) to retain only features with a positive
contribution to class c yielding a class-discriminative attention
heatmap Wc

CAM ∈ R
H×W :

Wc
CAM = σ(Mc

raw). (14)

To encourage spatial consistency, we compare Wc
CAM with

the attention map W∗ ∈ RH×W produced by the part sampling
(PS) module. We define the class activation consistency loss
as the normalized Euclidean distance between the two:

Lcam =





 Wc
CAM

‖Wc
CAM‖2

−
W∗

‖W∗‖2





2

2
, (15)

which encourages our model to focus on spatial regions that
are both visually and semantically aligned with the target class.

In practice, normalization promotes scale invariance and sta-
bilizes training, especially when handling multi-level semantic
features. This consistency regularization, when combined with
classification and alignment losses, enhances both localization

TABLE I
DETAILS OF THE SEVEN DATASETS AND

CORRESPONDING LEARNING RATES

precision and semantic coherence between visual attention and
class-relevant textual cues—thereby facilitating more accurate
fine-grained multimodal understanding.

3) Overall Loss: The overall training loss Lall integrates
three loss components with a weighting hyperparameter λ:

Lall = λLit + Lsva + Lcam. (16)

λ is a dataset-dependent scalar that balances the cross-modal
alignment loss Lit against the classification loss Lsva and
attention consistency loss Lcam. This joint objective promotes
accurate classification, semantic alignment between modali-
ties, and interpretable attention maps (See Section IV-D.3).

Our network facilitates hierarchical and interpretable
cross-modal interaction, effectively addressing the challenges
of semantic redundancy and shallow alignment that are
commonly encountered in multimodal fine-grained visual
classification.

IV. EXPERIMENTS

A. Datasets and Implementation Details

1) Datasets: Comprehensive experiments are conducted on
7 widely used benchmark datasets covering both natural and
biomedical domains, as illustrated in Table I.

CUB-200-2011 [1] comprises 11,788 images of birds from
200 species, with an official split of 5,994 training images
and 5,794 test images. Stanford Dogs [3] includes 20,580
images across 120 dog breeds, with 12,000 images for train-
ing and 8,580 for testing. NABirds [2] consists of 48,562
images of North American birds from 555 subcategories, split
into 23,929 training and 24,633 testing samples. Food-101
[79] contains 101,000 images spanning 101 food categories,
with 75,751 images used for training and 25,249 for testing.
FGVC-Aircraft [4] comprises 10,000 images of 100 aircraft
variants, partitioned into 6,667 training and 3,333 testing
samples. Stanford Cars [81] includes 16,185 images from
196 types, with 8,144 images used for training and 8,041 for
testing. ISIC 2018 [80] comprises 10,015 dermoscopic images
spanning 7 skin lesion categories.

To incorporate textual semantics into our multimodal frame-
work, we pair each image with an auto-generated description
using MiniCPM [82], a vision-language model that captures
visual attributes such as object appearance, posture, and back-
ground. As shown in Table II, dataset-specific templates (e.g.,
“The bird in the photo...”) are filled with relevant details. How-
ever, these descriptions may contain ambiguous or redundant
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TABLE II
ILLUSTRATIVE TEXTUAL DESCRIPTIONS AND

CATEGORY-SPECIFIC AMBIGUOUS WORDS

tokens (e.g., “big”, “on the branch”), which are filtered by the
proposed HSP module to enhance discriminative power. In
addition to such ambiguous terms, we also eliminate visually
irrelevant words such as articles, prepositions, and auxiliary
verbs (e.g., “the”, “a”, “in”, “is”) through a dictionary-based
purification process applied consistently across all datasets. To
validate the robustness and generalizability of our approach
across different textual inputs, we further evaluate it with
BLIP-2-generated [30] captions. Detailed results are reported
in the supplementary material (See Section A.3).

2) Implementation Details: We adopt the Swin Transformer
Base as the visual backbone and employ the CLIP text encoder
to process purified textual descriptions. All images are resized
to 384× 384 pixels. During training, standard augmentations
such as random horizontal flipping and Gaussian blur are
applied, while center cropping is used during inference for
consistency. The model is trained for 50 epochs using the SGD
optimizer with a momentum of 0.9, a weight decay of 1e-8,
and a batch size of 16. Learning rates are tuned separately for
each dataset based on validation performance, as detailed in
Table I, and optimized using a cosine annealing scheduler with
a 5-epoch linear warm-up phase. In the proposed HSP module,
high-contribution tokens are empirically selected based on
ablation results [Appendix (see supplementary material)]. All
experiments are implemented in PyTorch and conducted on
NVIDIA RTX 3090 GPUs.

B. Quantitative Comparison

1) Comparison Results on the Stanford Dogs Dataset:
As presented in Table III, our method achieves a remarkable
accuracy of 97.9% on Stanford Dogs, significantly outper-
forming all state-of-the-art approaches. Compared to CAMF
[64], which is also based on the Swin Transformer, our
method achieves a notable improvement of 5.1%. Other
transformer-based methods such as IELT [23] (91.9%) and
TransFG [59] (90.5%) remain far behind. Compared with
MP-FGVC [19](91.0%), which also incorporates textual fea-
tures with minimal text fine-tuning, our method achieves an
6.9% gain. This improvement primarily stems from the pro-
posed HSP. Unlike MP-FGVC’s prompt tuning, HSP adopts
a staged filtering mechanism to discard irrelevant tokens
and retain critical tokens. Although MPSA [62] achieves
competitive results through multi-scale feature integration,
its reliance on single-layer representations limits its ability
to model complex patterns. In contrast, our MCA module
jointly leverages hierarchical visual features and purified text

TABLE III
COMPARISONS WITH COMPETITIVE METHODS ON STANFORD DOGS. *

INDICATES RESULTS REPRODUCED UNDER OUR IMPLEMENTATION
USING THE SAME REPORTED SETTINGS

TABLE IV

COMPARISONS WITH COMPETITIVE METHODS ON CUB-200-2011 AND
NABIRDS. * INDICATES RESULTS REPRODUCED UNDER OUR

IMPLEMENTATION USING THE SAME REPORTED SETTINGS

representations from the HSP module, facilitating multimodal
integration and ultimately leading to superior recognition
performance.

2) Comparison Results on the CUB-200-2011 and NABirds
Dataset Datasets: As shown in Table IV, our proposed method
achieves state-of-the-art accuracy on two widely used fine-
grained benchmarks: 92.6% on CUB-200-2011 and 92.5% on
NABirds. Compared to P2P-Net [20], which leverages curricu-
lum learning and an auxiliary detector for part-level proposals,
our method improves performance by 2.4% on CUB and 3.8%
on NABirds. Although both bird and dog datasets fall under
fine-grained animal classification, gains on bird benchmarks
are smaller than on Stanford Dogs. This discrepancy may
be attributed to the greater variation in birds’ size, pose,
and orientation, leading to more ambiguous visual cues. Such
cues are difficult to infer directly from visual data, yet they
often play a critical role in distinguishing between visually
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TABLE V

COMPARISONS WITH COMPETITIVE METHODS ON STANFORD CARS AND
FGVC-AIRCRAFT. * INDICATES RESULTS REPRODUCED UNDER OUR

IMPLEMENTATION USING THE SAME REPORTED SETTINGS

TABLE VI

COMPARISONS WITH COMPETITIVE METHODS ON FOOD-101. * INDI-
CATES RESULTS REPRODUCED UNDER OUR IMPLEMENTATION

USING THE SAME REPORTED SETTINGS

similar bird species. Despite these challenges, our method
achieves competitive performance compared with represen-
tative approaches, including MPSA [62] and TransFG [59],
suggesting its effectiveness and good generalization ability for
fine-grained visual classification tasks.

3) Comparison Results on the Food-101 Dataset: As
shown in Table VI, our method achieves 95.7% accuracy
on Food-101, demonstrating strong generalization beyond the
domain of fine-grained animal images. This large-scale dataset
(101,000 images across 101 categories) is challenging due to
high intra-class variability, subtle inter-class differences, and
complex backgrounds. Despite these challenges, our model
significantly outperforms existing state-of-the-art methods. For
instance, DoD [60], designed for fine-grained food classi-
fication, achieves 94.9% accuracy by leveraging LLMs to

TABLE VII

QUANTITATIVE COMPARISONS ON THE ISIC 2018 [80] DATASET.* INDI-
CATES RESULTS REPRODUCED UNDER OUR IMPLEMENTATION USING

THE SAME REPORTED SETTINGS

construct category-specific subsets. In comparison, our method
delivers a 0.8% improvement. Furthermore, compared to
recent vision-language models such as CoOp [37], CoCoOp
[36], and MaPLe [38], our model achieves improvements of
10.5%, 5.6%, and 4.3%, respectively. These results validate
the effectiveness of HSP and MCA in capturing discriminative
visual-textual cues, even in highly variable domains like food.

4) Comparison Results on the Stanford Cars and FGVC-
Aircraft Datasets: As shown in Table V, our proposed method
achieves accuracies of 95.5% on Stanford Cars and 94.7%
on FGVC-Aircraft. Unlike previous benchmarks involving
non-rigid objects such as birds, dogs, and food, these two
datasets represent rigid categories with consistent structural
patterns. Despite the shift from non-rigid to rigid object
categories, our model maintains strong performance across
object types. Compared with Swin transformer-based methods
such as MPSA [62] (95.2% on Cars and 92.6% on Aircraft)
and Swin [49] (95.0% on Cars and 93.9% on Aircraft), our
method achieves higher accuracy on both datasets. Addition-
ally, vision-language methods such as CoOp [37] and CoCoOp
[36] exhibit lower performance, suggesting limited capacity to
capture fine-grained structures. The superior performance of
our network can be attributed to HSP for eliminating redundant
textual tokens and MCA for hierarchical fusion of visual
and purified textual features, enabling effective cross-modal
representation learning for rigid objects.

5) Comparison Results on the ISIC 2018 Dataset: To
further evaluate the generalization of our model in medical
imaging, we conduct experiments on ISIC 2018. As shown in
Table VII, our method achieves a top-1 accuracy of 88.5%,
significantly outperforming all compared approaches. Specifi-
cally, it surpasses HiFuse [91], a leading medical classification
model, by 2.5%. It also outperforms recent transformer-based
models, achieving higher accuracy than BiFormer-B (82.7%)
and Focal-B (79.6%). We reproduced MPSA [62] and P2P-Net
[20] under identical settings for fair comparison, yielding accu-
racies of 85.9% and 74.3%, respectively. In addition, hybrid
models such as Conformer [86] and UniFormer [89] achieve
82.7% and 82.4%, respectively. Their inferior performance
suggests visual features alone are insufficient for fine-grained
clinical semantics. To address this, our method incorporates
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Fig. 5. Visualization of attention maps on 7 popular FGVC datasets.

Fig. 6. The left column denotes the t-SNE visualization results of our method
on Stanford Dogs (Left Top) and FGVC-Aircraft (Left Down), and the right
column represents the t-SNE visualization results of MPSA on Stanford Dogs
(Right Top) and FGVC-Aircraft (Right Down).

purified textual cues via HSP and performs hierarchical cross-
modal fusion through MCA, yielding robust and generalizable
representations. The results on ISIC validate the effectiveness
and generalizability of our approach.

Fig. 7. Computational efficiency comparison across recent multimodal fine-
grained classification methods. Our approach achieves competitive accuracy
with significantly lower FLOPs, demonstrating superior efficiency.

6) Comparison With SOTA Methods: We compare our
method with recent Transformer-based approaches under
similar experimental settings. As illustrated in Fig. 7, our
model achieves competitive performance with substantially
reduced computational cost, requiring only 54.4G FLOPs and
92.4M parameters. In contrast, methods such as ACC-ViT
and TransFG exhibit comparable parameter scales but incur
significantly higher computational overhead, while MPSA,
IELT, and ViT-Net involve either higher FLOPs or noticeably
larger parameter counts than our approach. Detailed numerical
comparisons are provided in Supplementary Material (see
section D.2). These results demonstrate that, by incorporat-
ing lightweight cross-modal modules (HSP and MCA), our
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Fig. 8. Accuracy improvements from progressive integration of HSP and MCA components across six datasets. The full model achieves the best performance,
confirming the effectiveness of the proposed architecture.

method attains a more favorable balance between accuracy and
efficiency, making it particularly well suited for deployment in
resource-constrained or real-time scenarios.

C. Visual Analysis

1) Qualitative Comparison: Following common practice
in fine-grained visual classification, we employ Grad-CAM
to visualize the regions attended by the model. Fig. 5
presents Grad-CAM [77] comparisons between our method
and three baselines (MPSA, IELT, and P2P-Net) across seven
datasets spanning natural and biomedical domains. MPSA
and IELT often produce dispersed and imprecise activa-
tion maps. In particular, IELT tends to highlight peripheral
or background regions, potentially due to weak semantic
grounding. While P2P-Net improves localization through
self-supervised pose alignment, its attention remains dif-
fuse over non-discriminative areas. In contrast, our method
generates compact and well-aligned attention maps, accu-
rately highlighting class-specific regions such as bird beaks
(CUB-200-2011), dog muzzles (Stanford Dogs), aircraft
engines (FGVC-Aircraft), and lesion contours (ISIC 2018).
These improvements stem from HSP, which removes noisy
textual features, and MCA, which hierarchically aligns visual
and textual representations. Consequently, our model focuses
on more discriminative regions, improving fine-grained recog-
nition. These results demonstrate the effectiveness of our
multimodal fusion strategy in refining visual attention and
enhancing interpretability across different domains. Additional
Grad-CAM visualizations and layer-wise analyses are pro-
vided in the Appendix (see supplementary material).

2) Further Comparison: To evaluate the discriminative
power of our learned representations, we visualize embedding
space using t-SNE [92] on FGVC-Aircraft and Stanford Dogs
datasets. As shown in Fig. 6, our method (left column)
achieves clearer inter-class separation with compact, well-
isolated clusters. In contrast, MPSA [62] (right column)
produces scattered embeddings with noticeable class over-
lap and less structured distributions. On FGVC-Aircraft, our
model distinguishes visually similar variants with minimal

overlap, while MPSA exhibits dispersed and overlapping fea-
tures, hindering fine-grained differentiation. A similar pattern
appears on Stanford Dogs, where our method yields tighter
intra-class cohesion and clear decision boundaries, whereas
MPSA shows scattered and confusing clusters. These results
confirm that our HSP and MCA modules enhance discrim-
inative capacity by structuring performance in quantitative
evaluations.

D. Ablation Study

1) Comprehensive Ablation Analysis of HSP and MCA:
To evaluate the individual contribution of each module, we
conduct a joint ablation study on the four key components
in our framework: dictionary purification (Dict), contribution
ranking (Rank), multi-stage fusion (Fusion), and cross-modal
alignment (Align), as summarized in Table VIII. HSP consists
of Dict and Rank, while MCA includes Fusion and Align.
The first row reports the baseline performance without HSP
and MCA, whereas the remaining rows progressively enable
each component to evaluate its contribution across seven
FGVC datasets. Both Dict and Rank individually improve
performance, with Dict showing a greater contribution to text
purification. Likewise, Fusion and Align exhibit complemen-
tary effects across datasets: Align provides larger gains on
Stanford Dogs, whereas Fusion is more beneficial on CUB.
Removing both MCA components leads to noticeable perfor-
mance degradation, confirming the importance of hierarchical
cross-modal alignment. As shown in Fig. 8, progressively
integrating these modules consistently improves performance,
while additional Grad-CAM visualizations in the Appendix
(see supplementary material) further illustrate their effective-
ness. Overall, the results demonstrate the complementary roles
of HSP and MCA and the benefit of their joint optimization.

2) Alignment Strategy Analysis: To investigate the optimal
interaction mechanism between visual and textual features
within the MCA module, we compare four alignment strategies
on four datasets, as illustrated in Fig. 9. Specifically, strat-
egy a performs direct concatenation (FI + FT ), strategy b
employs element-wise multiplication (FI × FT ), strategy c
adds the fused features back to the textual representations
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TABLE VIII

JOINT ABLATION STUDY OF THE PROPOSED HSP AND MCA MODULES ACROSS 7 FINE-GRAINED VISUAL CLASSIFICATION DATASETS. HSP IS A
PREREQUISITE FOR MCA; REMOVING HSP INDICATES THAT NO TEXTUAL FEATURES ARE INTRODUCED, AND THUS MCA IS NOT APPLIED

Fig. 9. Comparison of different alignment strategies for cross-modal fusion.
The notations a–d correspond to: (a) FI +FT , (b) FI ×FT , (c) FI ×FT +FT ,
and (d) FI × FT + FI . Strategy (d) yields the best results across all datasets.

Fig. 10. Analysis of different parameters λ.

(FI×FT +FT ), and strategy d introduces a residual connection
to the visual features (FI×FT +FI). Among them, strategy d
consistently achieves the highest accuracy, reaching 97.9% on
Stanford Dogs and 92.6% on CUB-200-2011. This indicates
that reinforcing the visual modality through interaction-aware
residual connections better preserves discriminative spatial
information. In contrast, strategies that update textual features,
such as strategy c, may be less effective due to the lower
spatial resolution of text representations. Therefore, we adopt
strategy d as the default alignment strategy.

3) Parameter λ Analysis: To assess the impact of the
alignment loss weight λ on overall performance, we conduct
a sensitivity analysis on five datasets. As summarized in
Fig. 10, model performance varies with different λ values,
indicating that the effect of the alignment loss is dataset-
dependent. Stanford Dogs and Stanford Cars achieve their

highest accuracies at λ = 0.10, suggesting that a smaller
contribution of the alignment loss Lit is more appropriate,
possibly because the visual modality already provides highly
discriminative features. In contrast, CUB-200-2011, FGVC-
Aircraft, and NABirds achieve their best results with larger
λ values (0.75, 0.50, and 1.00, respectively), indicating that
stronger visual-textual alignment is more beneficial. These
findings highlight the importance of selecting dataset-specific
λ values, which are adopted in our final experiments.

4) Textual Feature Hierarchy Analysis: To evaluate the con-
tribution of hierarchical textual features in MCA, we conduct
an ablation study comparing the full model, which aligns
multi-layer textual and visual features, with a simplified vari-
ant that performs alignment between the single text embedding
FT and the final-stage visual representation I4. The full model
achieves 97.9% accuracy on the Stanford Dogs dataset, outper-
forming the single-layer variant at 94.8%. This performance
gap highlights the importance of incorporating multi-level
textual semantics, which offer richer contextual cues and
more effectively complement multi-scale visual representa-
tions. These findings demonstrate that hierarchical cross-modal
alignment plays a critical role in enhancing semantic fusion
and improving fine-grained classification performance.

V. CONCLUSION

We propose a task-oriented multimodal framework for fine-
grained visual classification (FGVC) that tackles two core
challenges: redundant textual descriptions and the insufficient
utilization of hierarchical semantic features. To this end, we
introduce the Hierarchical Semantic Purification (HSP) mod-
ule, which filters irrelevant or ambiguous tokens to generate
concise and discriminative text features, and the Multi-layer
Cross-modal Alignment (MCA) module, which facilitates
hierarchical fusion between visual and textual modalities.
Together, these modules establish robust cross-modal inter-
actions. Extensive experiments on seven fine-grained datasets
from natural and biomedical domains validate the effectiveness
and generalizability of our approach. Ablation studies further
demonstrate the complementary strengths of HSP and MCA.
The method depends on the quality of generated descrip-
tions, which may degrade under domain shifts or low-contrast
conditions. Moreover, the current pipeline is sequential, with
text generation and classification decoupled, limiting joint
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optimization. Future work will explore end-to-end architec-
tures that unify generation and alignment, open-vocabulary
and few-shot FGVC, and deployment in challenging real-
world scenarios. Despite its effectiveness, our method has
limitations. Performance may degrade when text descriptions
contain malicious misinformation that contradicts visual facts
or when images suffer from severe occlusion. Future work
will explore cross-modal conflict resolution to address these
extreme cases.
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