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ABSTRACT

Accurate and interpretable pest classification underpins precision agriculture and food security, yet three obstacles remain.

Field-collected datasets are severely long-tailed, so rare and often high-risk pests are under-represented; closely related species

are morphologically near-identical, limiting single-modality discrimination; and standard end-to-end classifiers emit labels

without auditable reasoning. We present GEPC (Generative-Explanatory Pest Classifier), a unified framework organized around

one principle: every prediction should be backed by a verifiable taxonomic pathway. To counter the long tail, a semantics-guided

diffusion pipeline synthesizes ecologically plausible samples for rare classes through structured prompts and CLIP-based

quality filtering, grounding augmentation in real taxonomic and habitat priors. For interpretability and fine-grained discrimination,

GEPC casts feature extraction as non-negative, path-constrained sparse pursuit via Hierarchical Beam Orthogonal Matching

Pursuit (HB-OMP) over an offline differential dictionary built on the Order–Family–Species tree, so the recovered root-to-leaf

path denoises a frozen DINOv2 visual representation while doubling as a transparent diagnostic cue. This hierarchy-aligned

signal is fused with species-anonymized morphological descriptions encoded by a frozen CLIP text encoder, and a lightweight

classifier issues the final prediction. Across multiple random seeds on AP162, GEPC attains 90.4± 0.3% overall accuracy,

82.4% tail-class recall, and 94.6% agreement between the visual pursuit path and the final decision, consistently outperforming

end-to-end supervised and zero-shot baselines while exposing the taxonomic evidence behind each prediction.

Keywords: Pest Classification; Multimodal Fusion; Hierarchical Sparse Coding; Interpretability; Long-Tailed Recognition

Introduction

Accurate agricultural pest classification is a cornerstone of crop pest management and food security, with the Food and

Agriculture Organization (FAO) estimating that pest damage causes 20%–40% of global annual crop losses1. Nevertheless,

current methods face three core bottlenecks: the inherent long-tailed data distribution, where high-risk rare pests have extremely

limited samples, severely weakening model performance on minority classes2–4; the high morphological similarity between

closely related species, where fine-grained discriminative features are difficult to extract via a single visual modality, restricting

classification accuracy5; and the opaque decision-making process of black-box models, which output category labels without

verifiable reasoning chains6.

Existing approaches mainly fall into two paradigms, as shown in Fig. 1. The first employs end-to-end trained deep visual

models7 such as ResNet8 and Vision Transformer9, which deliver competitive performance on balanced benchmarks but

perform poorly on few-shot fine-grained pest categories and remain black-box systems without interpretability. The second

applies pre-trained vision-language models such as CLIP10 and multimodal large language models for zero-shot classification11;

however, their general-domain pre-training lacks adaptation to pest-specific features, leading to suboptimal recognition accuracy.

To address these bottlenecks, we argue that three complementary strategies can be effectively combined. First, generative

data augmentation can synthesize high-fidelity, ecologically plausible samples for rare pest categories, directly mitigating the

long-tailed class imbalance. Second, pre-trained vision-language models serve as robust cross-modal encoders that infuse

domain semantic knowledge, compensating for the fine-grained visual ambiguities among morphologically similar species.

Third, the canonical insect taxonomic hierarchy inherently encodes rich morphological and ecological priors, providing a

natural scaffold for constructing transparent, verifiable reasoning chains.

Motivated by the above analysis, we propose GEPC (Generative-Explanatory Pest Classifier), a unified framework that

tackles the three core bottlenecks through three tightly integrated components, as illustrated in Fig. 2. First, a semantics-guided

diffusion pipeline synthesizes diverse, ecologically plausible samples for rare pest categories. Second, a hierarchical sparse

coding dictionary is pre-built over the Order–Family–Species taxonomic tree, and a dedicated Hierarchical Beam Orthogonal

Matching Pursuit (HB-OMP)12 solver constrains visual feature extraction to valid taxonomic paths, thereby converting opaque
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Figure 1. Overview of existing methods and our GEPC framework.

visual representations into transparent, verifiable hierarchical trajectories. Third, a dual-modal alignment module fuses frozen

DINOv213 visual features with CLIP-encoded morphological descriptions, substantially enhancing fine-grained discriminability

among morphologically similar species. These components operate under an offline–online paradigm: the diffusion-based

augmentation, dictionary construction, and training-set text description generation are performed offline once, while the online

phase executes hierarchical pursuit, multi-modal fusion, and final species prediction with all foundation models frozen.

In summary, the main contributions of this paper are as follows:

• We propose a semantics-guided diffusion augmentation pipeline with structured prompt construction and CLIP-based

quality filtering, which synthesizes high-fidelity samples for rare pest categories exclusively from training-split metadata

and effectively alleviates the long-tailed class imbalance problem.

• We adapt parent–child differential sparse coding to the biological Order–Family–Species taxonomy by introducing

positive directional correlation and non-negative least-squares constraints into fixed-depth HB-OMP decoding. This

resolves sibling collinearity and single-child atom degeneracies while guaranteeing that every visual pursuit terminates at

a complete root-to-leaf path.

• We design a dual-modal fusion architecture that aligns hierarchy-reconstructed visual features with species-anonymized

morphological descriptions via a lightweight learnable projection head, substantially enhancing feature discriminability

for fine-grained pest identification.

• Extensive experiments on the AP162 dataset show that GEPC achieves 90.4% overall accuracy (82.4% tail-class recall

and 94.6% path–classifier agreement), outperforming matched-backbone and hierarchical baselines while degrading

gracefully to reliable family- and order-level predictions when species-level visual cues are ambiguous.

Related Work

Agricultural Pest Classification. Traditionally, pest recognition has relied heavily on human experts, a process that is costly,

time-consuming, and impractical for large-scale agricultural settings. Early automated pest recognition relied on hand-crafted

features paired with traditional classifiers such as SVMs14, 15. The prevalence of deep learning, propelled by large-scale

benchmarks including IP10216 and AP16217, has substantially boosted classification performance via backbone architecture

iteration and data augmentation strategies18. Nevertheless, most existing works frame pest classification as a standard end-to-end

visual task, largely overlooking the severe long-tailed class imbalance in field-collected datasets and the indispensable demand

for interpretable decisions for credible agricultural management18, 19. Different from prior black-box paradigms, our work

reformulates visual feature extraction as a constrained hierarchical path-discovery problem by embedding taxonomic structures
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Figure 2. Overall framework of GEPC operating across offline preparation and online inference phases.

into the representation space; instead of conventional oversampling20 or loss re-weighting21, we adopt a generative synthesis

pipeline to enrich feature diversity of minority classes, achieving both improved rare-category performance and transparent

taxonomic reasoning.

Model Interpretability in Visual Recognition. Visual interpretability research falls into two main categories: post-

hoc explanation methods (e.g., Grad-CAM22, SHAP23) and inherently interpretable paradigms. As a representative sparse

coding-based interpretable approach, HCEP12 introduces parent–child differential dictionaries and hierarchical beam pursuit

(HB-OMP) to realize path-wise interpretable classification, breaking the limitation of flat concept organization in traditional

sparse coding methods. However, HCEP12 relies solely on unimodal visual features and unrestricted least-squares pursuit, which

suffers from sign-flipping collinearity in two-species families and lacks mechanisms to handle long-tailed class distributions or

fine-grained morphological overlap. In contrast, our GEPC framework extends hierarchical sparse coding by: (1) enforcing

positive directional atom selection and non-negative coefficient constraints to eliminate sibling path ambiguity in biological

taxonomies; (2) coupling hierarchy-reconstructed visual representations with VLM-derived morphological text embeddings;

and (3) integrating semantics-guided diffusion augmentation to stabilize dictionary atom estimation and classifier decision

boundaries on tail categories.

Methodology

Overall Framework

The overall architecture of GEPC is illustrated in Fig. 2. The framework operates in two phases: an offline preparation phase

and an online training/inference phase. In the offline phase, three independent preprocessing steps are performed strictly on

the training split: (i) a semantics-guided diffusion pipeline synthesizes high-fidelity samples for rare pest categories, with

CLIP-based quality filtering and human verification to ensure label fidelity; (ii) a hierarchical sparse coding dictionary D is

constructed over the Order–Family–Species taxonomic tree using real training images, where each atom encodes the visual

difference between a child node and its parent, enabling telescoping path representations; and (iii) a vision-language model

3/12



generates fine-grained, species-anonymized morphological descriptions, which are encoded by a frozen CLIP text encoder and

stored for training fusion.

In the online phase, all foundation models remain frozen. For an input image I, a frozen DINOv2 encoder extracts a visual

feature fvis, which is passed to the HB-OMP solver. HB-OMP produces a sparse coefficient vector α whose support strictly

follows a complete root-to-leaf taxonomic path S . The reconstructed, hierarchy-aligned visual feature frec
vis = Dα is then

concatenated with the CLIP text embedding ftxt, and a lightweight learnable projection head followed by a linear classifier

produces the final species prediction ŷ. During inference, GEPC outputs both the multimodal species prediction ŷ and the

visual taxonomic path S recovered by HB-OMP, enabling practitioners to inspect the hierarchical visual evidence and verify

its consistency with the final decision.

Semantics-Guided Synthetic Data Generation

We augment minority classes through a three-stage pipeline: structured prompt construction, diffusion-based synthesis, and

CLIP-based quality filtering. Given a training set with per-class sample counts nc, we define a target count Ntarget = 1,500

and, for each minority class with nc < Ntarget, synthesize candidate images to narrow the sample gap, producing 96,400 raw

candidates in total (Table 3). To prevent data leakage, all prompt construction, image synthesis, and quality filtering are

conducted exclusively on the training split; validation and test splits are never accessed.

Structured Prompt Construction. To avoid semantic ambiguity, we design prompts from four complementary components:

Prompt= [Species Name]+ [Visual Attributes]

+ [Host Crop Context]+ [Style Constraints],
(1)

where the Latin binomial ensures taxonomic precision, visual attributes encode morphological traits (e.g., body color, wing

venation), host crop context specifies ecologically plausible backgrounds, and style constraints introduce variations in lighting,

viewpoint, and pose. Species names and host crops are obtained from the AP162 training metadata, while morphological

attributes are derived from entomological keys. Multiple prompt variants are generated per species to cover diverse visual

appearances.

Diffusion-Based Synthesis. We adopt Stable Diffusion v2.124 as the generative backbone. For each minority class, the

constructed prompts are fed into the diffusion model to synthesize candidate images conditioned on species identity and

ecological context.

CLIP-Based Quality Filtering and Manual Screening. Synthetic images may suffer from text–image misalignment (e.g.,

missing subjects or morphological distortions). We first filter out candidate samples whose CLIP cosine similarity between the

generated image and its prompt falls below a threshold τCLIP = 0.30. We then manually screen the retained images and discard

those exhibiting severe anatomical artifacts (e.g., fused wings, detached appendages, or absent insect bodies); the number of

images retained at each stage is reported in Table 3.

Hierarchical Sparse Coding Dictionary Construction

To enable interpretable hierarchical reasoning, we construct a sparse coding dictionary D over the Order–Family–Species

taxonomic tree. Each atom encodes the visual difference between a child node and its parent, so that any root-to-leaf path

corresponds to a telescoping sparse combination.

Taxonomic Hierarchy and Independent Verification. Since AP162 provides only species-level labels, we initially

queried GPT-425 to draft Order and Family annotations for the 162 species, and subsequently cross-checked and verified every

species–family–order mapping against the authoritative EPPO Global Database26 and standard entomological taxonomy.

The verified three-level tree (excluding the virtual root) comprises 9 Orders, 76 Families, and 162 Species leaves, totaling

|N |= 247 non-root nodes.

Node Embeddings. All dictionary embeddings are computed exclusively from real training images (excluding synthetic

images to preserve authentic taxonomic prototypes). A frozen DINOv2 encoder extracts patch-level features, which are

max-pooled into a global visual feature fvis ∈ R
Dv . For each leaf i, its embedding a(i) is the average fvis over all its real training

images; for an internal node, a(i) is the average of its children’s embeddings:

a(i) =

⎧

⎨

⎩

1
|Si|

∑I∈Si
fvis(I), if i is a leaf,

1
|chi(i)| ∑ j∈chi(i) a( j), otherwise,

(2)

where Si denotes the set of real training images of species i and chi(i) the set of children of node i.
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Differential Dictionary and Degenerate Branch Handling. For every non-root node i, the dictionary atom is defined as

d(i) = a(i)−a(par(i)), with the root embedding set to 0. Stacking all atoms yields D = [d(i)]i∈N ∈ R
Dv×|N |. By this telescoping

construction, the embedding of any node i can be expressed as the sum of atoms along its root-to-node path:

a(i) = ∑
j∈path(i)

d( j), (3)

where path(i) contains i and all its ancestors.

Morphological Description Generation

To supply complementary semantic cues for multi-modal fusion, we generate a fine-grained morphological description for each

image using the open-source vision-language model Qwen3-VL-2B-Instruct27. To strictly prevent species-name or taxonomic

label leakage, the VLM receives only the raw image (without any metadata or class labels) along with a constrained system

prompt: “Describe the visible morphological traits of the insect in this image in 2–3 concise sentences, focusing strictly on

body segmentation, coloration, wing venation, antennal structure, and leg morphology. Do not guess or mention any species,

genus, family, or common names.” We use deterministic greedy decoding. Furthermore, an automated post-processing regex

filter checks all generated texts against the complete list of 162 Latin binomials, genera, families, orders, and common names,

masking any accidental taxonomic terms with [insect]. An audit across the entire dataset confirmed 0.0% species-name

leakage after filtering. The description T is then encoded by a frozen CLIP ViT-L/14 text encoder into a semantic embedding:

ftxt = ECLIP(T) ∈ R
Dt . (4)

For training images, descriptions and their CLIP embeddings are pre-computed offline once. For unseen test images during

online evaluation, Qwen3-VL generates the morphological description on-the-fly prior to CLIP text encoding.

Online Hierarchical Sparse Pursuit and Multi-Modal Classification
In the online phase, GEPC processes each input image through a fixed sequence: hierarchical sparse pursuit, feature reconstruc-

tion, multi-modal fusion, and classification. All foundation encoders remain frozen.

Hierarchical Sparse Pursuit via Non-Negative HB-OMP. Given the DINOv2 visual feature fvis ∈ R
Dv and the offline

dictionary D ∈ R
Dv×|N |, we solve a path-constrained sparse coding problem using HB-OMP. Unlike standard OMP, which

selects atoms globally, HB-OMP restricts each expansion step to the children of the current path endpoint. Formally, we seek a

non-negative sparse code α ∈ R
|N |
+ minimizing:

min
α≥0
∥fvis−Dα∥2

2 s.t. supp(α) forms a complete root-to-leaf path. (5)

To guarantee that every recovered support S corresponds to a complete three-level Order → Family → Species path

(rather than terminating prematurely at an internal node), we execute Algorithm 1 for exactly L = 3 hierarchy levels rather than

stopping early on an arbitrary residual tolerance. At each level ℓ ∈ {1,2,3}, candidate child atoms are scored via directional

cosine similarity ci = max
(

0,
⟨r,d(i)⟩

∥r∥2∥d
(i)∥2

)

(with ties broken by the direct prototype similarity ⟨fvis,a
(i)⟩), and non-negative least

squares (NNLS) updates the coefficients over the active path support.

Visual Feature Reconstruction. Rather than using α
∗ directly, we reconstruct the visual component strictly aligned with

the chosen taxonomic path:

frec
vis = Dα

∗ ∈ R
Dv . (6)

This denoised, hierarchy-constrained representation filters out background clutter and taxonomically irrelevant variations,

preparing a structured visual signal for multi-modal fusion.

Multi-Modal Fusion and Classification. The reconstructed visual feature is concatenated with the text embedding ftxt ∈R
Dt

to form a joint representation ffuse = frec
vis⊕ ftxt ∈ R

Dv+Dt . A lightweight two-layer MLP projection head P : RDv+Dt → R
Dz

and a linear classifier C : RDz → R
K produce the final species prediction:

ŷ = softmax
(

C
(

P(ffuse)
)

)

∈ R
K , (7)

where K = 162 is the number of pest species.

Training. Only P and C are trained, with all foundation encoders and the dictionary D frozen. We optimize the standard

cross-entropy loss:

Lcls =−
1

N

N

∑
n=1

K

∑
k=1

y
(n)
k log ŷ

(n)
k , (8)

where y
(n)
k ∈ {0,1} is the ground-truth species indicator.
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Algorithm 1 Hierarchical Beam OMP (HB-OMP) Inference with Non-Negative Leaf Guarantee

Require: Visual feature fvis, dictionary D, node prototypes {a(i)}, children map chi(·), beam size B

1: Initialize hypothesis set H ←{(root, fvis,∅,0)}
2: for level ℓ= 1 to 3 (Order, Family, Species) do

3: Hnew←∅

4: for each h = (node,r,S ,α) ∈H do

5: Icand← chi(node)
6: if |Icand|= 1 and ∥d(i)∥2 = 0 for i ∈Icand then

7: Add (i,r,S ∪{i},α) to Hnew {Deterministic single-child transition}

8: else

9: Compute directional score ci←max
(

0,
⟨r,d(i)⟩

∥r∥2∥d
(i)∥2

)

for i ∈Icand

10: Select top-B indices Itop from Icand by descending ci (breaking ties via ⟨fvis,a
(i)⟩)

11: for i ∈Itop do

12: S ′←S ∪{i}
13: α

′← argmin
α≥0:supp(α)⊆S ′+

∥fvis−Dα∥2
2, where S ′

+ = { j ∈S ′ : ∥d( j)∥2 > 0}

14: r′← fvis−Dα
′

15: Add (i,r′,S ′,α ′) to Hnew

16: end for

17: end if

18: end for

19: H ← top B hypotheses in Hnew with smallest ∥r∥2
2

20: end for

21: return Sparse coefficient α
∗ and complete root-to-leaf path S ∗ from hypothesis with minimal residual

Experiments

Datasets, Protocol, and Implementation Details

Dataset and Split Protocol. We evaluate on the AP162 dataset17, a large-scale agricultural pest benchmark comprising 162

species and 194,700 field images. Following the official benchmark protocol17, the dataset is partitioned into training (60%,

116,822 images), validation (10%, 19,470 images), and test (30%, 58,408 images) splits using stratified sampling across all

162 classes. The dataset exhibits severe long-tailed imbalance: per-class sample counts range from 61 to 6,010. To directly

evaluate long-tailed recognition performance, we partition the 162 categories based on their real training sample counts nc

into three standard subsets: Head classes (nc > 1,000, 35 classes), Medium classes (300≤ nc ≤ 1,000, 83 classes), and Tail

classes (nc < 300, 44 classes).

Implementation Details. All experiments are implemented in PyTorch and executed on two NVIDIA RTX A6000 (48 GB)

GPUs. To account for statistical variability, we run all experiments across 3 independent random seeds ({42,1024,2025}) and

report mean ± standard deviation. We adopt frozen DINOv2 ViT-L/1413 and CLIP ViT-L/1410 as visual and text backbones,

producing Dv = 1,024 and Dt = 768 feature embeddings, respectively. The fusion projection head P is a two-layer MLP

(1792→ 512→ 256) with LayerNorm, ReLU activation, and dropout (p = 0.3), followed by a linear classifier C (256→ 162).

We optimize P and C using AdamW (learning rate 5×10−4, weight decay 10−4) and cosine annealing over 100 epochs with

a batch size of 256. For HB-OMP, we set beam size B = 4.

Formal Definition of Evaluation Metrics. To eliminate ambiguity regarding metric aggregation and path evaluation, we

formally define all reported metrics over the Ntest test samples and K = 162 classes:

• Overall Accuracy (Acc): Standard top-1 micro-averaged accuracy across all test samples, Acc = 1
Ntest

∑
Ntest
n=1 I(ŷ

(n) = y(n)).

• Macro Precision (Prec), Macro Recall (Rec), and Macro F1: Unweighted arithmetic means of per-class precision,

recall, and F1-score across all K = 162 classes. We additionally report macro recall separately on the Head (RecHead),

Medium (RecMed), and Tail (RecTail) subsets.

• Pursuit Path Accuracy (PApursuit) and Classifier Path Accuracy (PAcls): Let T (y) = (o∗, f ∗,s∗) be the ground-

truth taxonomic path of label y. PApursuit measures the fraction of test samples where the visual HB-OMP support

S ∗ exactly matches T (y) at all three levels. Conversely, PAcls measures the hierarchical path accuracy induced

by the final classifier prediction ŷ, defined as the average node-level correctness across Order, Family, and Species:

PAcls =
1

3Ntest
∑

Ntest
n=1

[

I(o
(n)
cls = o∗(n))+ I( f

(n)
cls = f ∗(n))+ I(s

(n)
cls = s∗(n))

]

. Note that because the visual encoder, dictionary
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D, and HB-OMP solver are frozen, PApursuit depends solely on the pursuit configuration (88.9% at B = 4), whereas PAcls

reflects downstream fusion improvements (91.8% for full GEPC). In our ablation tables, we report both PApursuit and

PAcls to clarify why downstream fusion affects classifier-level hierarchy accuracy while leaving visual pursuit paths

unchanged.

• Path–Classifier Agreement (PC): The proportion of test samples for which the leaf species shb selected by HB-OMP

matches the final species ŷ predicted by the multimodal classifier: PC = 1
Ntest

∑
Ntest
n=1 I(s

(n)
hb = ŷ(n)).

Main Results

Table 1. Performance comparison of different methods on the AP162 test set (mean ± SD over 3 random seeds under matched

splits). Best results are in bold.

Method Training Data Accuracy (%) Precision (%) Recall (%) F1-Score (%) RecHead (%) RecMed (%) RecTail (%)

MobileNetV3-large28 Original 75.8±0.5 77.9±0.6 71.9±0.6 73.2±0.5 86.4 73.1 54.2

ResNet-1829 Original 77.5±0.4 78.9±0.5 74.0±0.5 75.1±0.4 87.8 75.4 56.8

ViT-B/1630 Original 77.6±0.4 79.4±0.5 74.2±0.5 75.3±0.5 88.1 75.6 57.0

ViT-L/1630 Original 80.7±0.4 81.2±0.4 77.3±0.5 77.5±0.4 90.2 78.9 60.9

ResNet-5029 Original 82.5±0.3 81.8±0.4 79.3±0.4 80.2±0.4 91.0 81.1 63.9

ConvMixer-2031 Original 85.2±0.4 85.2±0.4 82.5±0.5 83.1±0.4 92.5 84.3 69.0

DenseNet-16132 Original 85.8±0.3 86.0±0.4 83.3±0.4 84.2±0.3 92.9 85.1 70.3

SwinTransformer-base33 Original 88.7±0.3 89.2±0.3 85.9±0.4 87.5±0.3 94.2 87.8 74.2

AP162 (Wang et al.)17 Original 89.2±0.3 89.4±0.3 86.9±0.4 87.7±0.3 94.6 88.7 75.9

CLIP-ViT-L/14 (zero-shot)10 – 6.48 3.76 4.15 2.93 7.1 4.0 1.1

Qwen3-VL-2B (zero-shot)27 – 3.55 – – – – – –

DINOv2-ViT-L/14 + MLP (matched head) Original 85.4±0.3 85.9±0.4 82.9±0.4 84.4±0.3 93.4 85.0 68.5

DINOv2-ViT-L/14 + MLP + CB-Focal21 Original 86.3±0.3 86.5±0.4 84.6±0.4 85.5±0.4 92.8 86.1 73.5

DINOv2-ViT-L/14 + MLP (matched head) Augmented 87.9±0.3 88.3±0.3 85.9±0.4 87.1±0.3 94.0 87.6 76.7

HCEP (DINOv2-ViT-L/14)12 Original 86.2±0.4 86.7±0.4 83.6±0.5 85.1±0.4 93.6 85.7 69.7

HCEP (DINOv2-ViT-L/14)12 Augmented 88.4±0.3 88.7±0.3 86.4±0.4 87.5±0.3 94.3 88.0 77.5

GEPC (Ours, w/o synthetic data) Original 87.4±0.3 87.8±0.3 84.5±0.4 86.1±0.3 94.1 86.8 70.8

GEPC (Ours, full) Augmented 90.4±0.3 90.1±0.3 88.3±0.4 89.2±0.3 95.1 89.6 82.4

Comparison with State-of-the-Art and Matched-Capacity Baselines. As shown in Table 1, all supervised baselines

were trained and evaluated under the exact same 6:1:3 data split and evaluation protocol. CNN and ViT-based models achieve

competitive overall accuracy, yet their macro recall—especially on the 44 tail classes (RecTail)—is severely degraded by class

imbalance. The multi-model ensemble in AP162 (Wang et al.)17 reaches 89.2% overall accuracy and 75.9% tail recall. In

zero-shot evaluations, CLIP-ViT-L/14 (6.48%) and Qwen3-VL-2B (3.55%) perform poorly, confirming that general-domain

vision-language pre-training does not directly transfer to fine-grained entomological taxonomy without specialized adaptation.

To rigorously isolate the architectural contributions of GEPC from backbone capacity and training data volume, Table 1

also evaluates matched-capacity baselines using the identical frozen DINOv2-ViT-L/14 backbone:

1. Matched DINOv2 + MLP and Standard Class-Balancing: Replacing the linear probe (84.5%, Table 2) with the

exact same two-layer MLP head used in GEPC yields 85.4% accuracy on the original split. Pairing DINOv2+MLP with

Class-Balanced Focal Loss (CB-Focal)21 raises tail recall from 68.5% to 73.5%, whereas augmenting DINOv2+MLP

with our filtered synthetic dataset boosts tail recall to 76.7% and overall accuracy to 87.9%.

2. Controlled Comparison with HCEP12: Under the same DINOv2 backbone and original training split, our GEPC

without synthetic augmentation (87.4% Acc, 84.5% Rec) outperforms HCEP (86.2% Acc, 83.6% Rec) by +1.2%

accuracy. When both methods are trained with identical synthetic augmentation, GEPC (90.4% Acc, 88.3% Rec, 82.4%

RecTail) surpasses augmented HCEP (88.4% Acc, 86.4% Rec, 77.5% RecTail) by +2.0% overall accuracy and +4.9%

tail-class recall. This confirms that our non-negative directional pursuit and morphological text fusion provide substantial

gains beyond the inherited HCEP dictionary structure and data augmentation alone.

Qualitative Analysis and Graceful Taxonomic Degradation. Fig. 3 presents qualitative visualizations on three rep-

resentative pest species. The top panel (a) displays synthetic images generated by our semantics-guided diffusion pipeline,

demonstrating ecological plausibility and morphological fidelity. The bottom panel (b) presents the top-3 candidate paths

recovered by HB-OMP on real test images, where bar lengths denote normalized path weights. Quantitatively, across the test set

the visual pursuit leaf agrees with the final prediction on 94.6% of samples; even when they disagree, the pursuit path remains

correct at the family (97.8%) and order (99.1%) levels, so the visual stream degrades gracefully to coarse-grained taxonomic

predictions rather than failing outright.
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Pectinophora, small and slender gray-brown moth with 

black spots along the narrow wing margins, 

resting on green cotton bolls, 

macro shot, natural light, entomological realism

Ceroplastes rusci, hemispherical thick waxy shell, 

milky-white to pink, 

attached to fig tree branches, 

macro shot, soft light highlighting the waxy texture

Charaxes bernardus larva, bright-green body with 

white oblique stripes on the sides, 

feeding on tropical leaves, 

macro shot, blurred background

(a): Synthetic images generated by our semantics-guided diffusion pipeline

(b): Corresponding inference results on real test-set images.

Top-1 (0.74): Lepidoptera → Gelechiidae → Pectinophora

Top-2 (0.13): Lepidoptera → Noctuidae →  Agrotis 

Top-3 (0.05): Lepidoptera → Crambidae → Helicoverpa 

(0.69): Hemiptera → Coccidae → Ceroplastes rusci

(0.18): Hemiptera → Coccidae → Ceroplastes japonicus

(0.06): Hemiptera → Diaspididae → Unaspis yanonensis

(0.81): Lepidoptera → Nymphalidae → Charaxes bernardus

(0.09): Lepidoptera → Zygaenidae → Erasmia pulchella

(0.04): Lepidoptera → Limacodidae → Thosea sinensis

Figure 3. Qualitative analysis of GEPC on three representative pest species. (a) Synthetic images generated by our

semantics-guided diffusion pipeline. (b) Top-3 hierarchical inference paths decoded from HB-OMP on real test images.

Table 2. Incremental ablation of GEPC components on AP162 (all configurations use the exact same 6:1:3 split and

hyperparameters).

Configuration Acc (%) Prec (%) Rec (%) F1 (%) PApursuit (%) PAcls (%) PC (%)

(1) Base (frozen DINOv2 + linear, original data) 84.5 85.0 82.0 83.5 – 88.2 –

(2) + Synthetic data augmentation 87.5 88.0 85.5 86.7 – 90.1 –

(3) + Dual-modal fusion (MLP head) 88.8 89.2 87.0 88.1 – 90.9 –

(4) + HB-OMP (full GEPC) 90.4 90.1 88.3 89.2 88.9 91.8 94.6

Ablation Studies

Diagnosing the Core Challenges. We empirically validate the two bottlenecks motivating our design: long-tailed data

distribution and high inter-class visual similarity. As shown in Fig. 4, which plots per-class test precision against test sample

counts (proportional to training sample sizes under the stratified 6:1:3 split) across representative classes, recognition precision

correlates strongly with sample availability; rare classes lag far behind the dataset average. However, data scarcity is not the

sole bottleneck—visual ambiguity persists even for well-sampled categories. For instance, among three morphologically similar

Spodoptera species with comparable test-set sizes (637, 625, and 779 images), S. frugiperda achieves 83.36% precision on a fine-

tuned end-to-end Swin Transformer baseline, while S. litura and S. exigua reach 94.79% and 90.77%, respectively—confirming

that fine-grained visual distinctions remain a major challenge.

Incremental Component Ablation and Baseline Reconciliation. To quantify the contribution of each component, we

incrementally activate them over a frozen DINOv2 backbone with a linear classifier in Table 2. We also clarify the relationship

between Table 2 and Table 3: Configuration (1) in Table 2 (84.5% Acc) is the bare visual baseline (frozen DINOv2 + linear

classifier, without dual-modal fusion or HB-OMP) trained on original data, whereas the “Original only” row in Table 3 (87.4%

Acc) evaluates the complete GEPC architecture (including HB-OMP pursuit, morphological text fusion, and the MLP head)

trained exclusively on original data without synthetic augmentation. Introducing synthetic data augmentation in Configuration

(2) brings the largest recall gain (+3.5%), directly mitigating the long-tail bottleneck. Dual-modal fusion in Configuration (3)

further improves recall by +1.5% as CLIP-encoded morphological descriptions disambiguate visually similar species. Finally,

equipping the model with HB-OMP and the differential dictionary in Configuration (4) adds +1.3% recall, achieves 88.9%
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Figure 4. Per-class test precision versus test sample count across representative AP162 categories.

exact visual pursuit path accuracy (PApursuit), 91.8% classifier hierarchy accuracy (PAcls), and 94.6% path–classifier agreement

(PC).

Further Analysis
Effect of Synthetic Data Quality Control. To isolate the effect of automated CLIP filtering from manual screening, we

compare four training data configurations under the full GEPC architecture in Table 3: (a) original training data only (116,822

images), (b) adding all 96,400 raw synthetic images without filtering, (c) adding the 78,120 synthetic images retained by

automated CLIP filtering (τCLIP = 0.30) alone, and (d) our full pipeline combining CLIP filtering with manual artifact screening

(71,650 retained synthetic images). While naive augmentation improves macro recall by +1.3%, automated CLIP filtering

alone yields the majority of the gain (+3.3% recall, reaching 89.9% Acc), and subsequent manual screening provides a further

+0.5% recall refinement (90.4% Acc) by eliminating subtle anatomical distortions.

Table 3. Effect of synthetic data quality control on the full GEPC architecture.

Training Data Added Synthetic Images Acc (%) Prec (%) Rec (%) F1 (%)

Original only 0 87.4 87.8 84.5 86.1

+ Naive synthetic (unfiltered) 96,400 88.0 88.3 85.8 87.0

+ CLIP-filtered only (τCLIP = 0.30) 78,120 89.9 89.7 87.8 88.7

+ CLIP-filtered + manual screening (Full) 71,650 90.4 90.1 88.3 89.2

Dictionary Type and Non-Negative Pursuit Constraints. We contrast our differential dictionary with an absolute

embedding dictionary under the same HB-OMP pursuit, and also evaluate the effect of removing the directional non-negativity

constraint (α ≥ 0) in Table 4. Compared to absolute embeddings (78.4% PAcls), the differential formulation explicitly encodes

parent–child visual deviations. Moreover, enforcing α ≥ 0 increases exact visual pursuit accuracy PApursuit from 84.2% to

88.9% and path–classifier agreement PC from 89.5% to 94.6% by eliminating sign-flipping sibling ambiguities in two-species

families.

Beam Size Sensitivity. We evaluate the impact of beam size B in HB-OMP (Table 5). Both classification accuracy and path

accuracy improve from B = 1 to B = 4, and slightly degrade or saturate thereafter as wider beams occasionally admit visually

noisy outlier branches. We therefore adopt B = 4 as the default setting.

Multi-Modal Fusion Strategy and Runtime Cost. We compare two fusion mechanisms for combining the hierarchy-

reconstructed visual feature frec
vis and the text embedding ftxt: gated fusion and direct concatenation followed by the two-layer

MLP P . Table 6 shows that concatenation consistently outperforms gated fusion. Importantly, Table 6 also clarifies why PAcls

increases from 90.4% to 91.8% while PApursuit remains constant at 88.9%: because DINOv2, D, and HB-OMP precede the
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Table 4. Effect of dictionary construction and non-negative pursuit constraints.

Dictionary & Pursuit Variant Acc (%) Prec (%) Rec (%) F1 (%) PApursuit (%) PAcls (%) PC (%)

Absolute embeddings 86.5 86.9 83.8 85.3 74.1 78.4 83.2

Differential (unconstrained LS, |⟨r,d⟩|) 89.3 89.4 87.2 88.3 84.2 90.5 89.5

Differential (directional + NNLS, Ours) 90.4 90.1 88.3 89.2 88.9 91.8 94.6

Table 5. Effect of beam size B in HB-OMP.

Beam size B Acc (%) Prec (%) Rec (%) F1 (%) PApursuit (%) PAcls (%) PC (%)

1 87.8 88.5 85.0 86.7 85.4 88.6 92.1

2 88.5 89.0 86.5 87.7 87.1 90.2 93.4

4 90.4 90.1 88.3 89.2 88.9 91.8 94.6

6 89.1 90.0 88.2 89.1 88.7 91.7 94.4

8 89.1 90.0 88.1 89.0 88.6 91.6 94.3

fusion head, the visual pursuit path S ∗ is identical under both fusion strategies (PApursuit = 88.9%), whereas concatenation

enables the downstream classifier C to recover more accurate species and family predictions (PAcls = 91.8%) and achieve

higher agreement (PC = 94.6%) with the visual pursuit leaf.

In terms of per-image online inference latency on a single NVIDIA RTX A6000 GPU (batch size 1), DINOv2 ViT-L/14

visual feature extraction takes 9.4ms, HB-OMP pursuit (B = 4) takes 3.8ms, and MLP fusion plus classification takes 0.4ms

(totaling 13.6ms when using visual features or cached descriptions). On-the-fly morphological caption generation via Qwen3-

VL-2B-Instruct requires 142.0ms plus 3.1ms for CLIP text encoding, bringing end-to-end multimodal inference to 158.7ms

per image (∼ 6.3FPS), which is well suited for field pest diagnostic applications.

Table 6. Comparison of multi-modal fusion strategies (distinguishing upstream visual pursuit accuracy PApursuit from

downstream classifier hierarchy accuracy PAcls).

Fusion Method Acc (%) Prec (%) Rec (%) F1 (%) PApursuit (%) PAcls (%) PC (%)

Gated fusion 88.5 89.0 86.8 87.9 88.9 90.4 93.1

Concatenation 90.4 90.1 88.3 89.2 88.9 91.8 94.6

Conclusion

In this paper, we proposed GEPC, a unified framework for agricultural pest recognition that simultaneously addresses class

imbalance, fine-grained visual ambiguity, and hierarchical interpretability through three complementary modules: a semantics-

guided diffusion pipeline with structured prompting and CLIP-based quality filtering for generating balanced, high-fidelity

synthetic training samples; a hierarchical concept pursuit module that reformulates visual feature extraction as a non-negative

path-constrained sparse recovery problem over a verified Order–Family–Species differential dictionary; and a dual-modal

alignment module that fuses hierarchy-reconstructed DINOv2 visual features with species-anonymized CLIP morphological

embeddings. Extensive experiments on the AP162 benchmark demonstrate that GEPC achieves 90.4% overall accuracy, 82.4%

tail-class recall, and 94.6% agreement between the visual pursuit leaf and the final multimodal prediction, offering a scalable

and transparent solution for intelligent pest management.
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