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Abstract

Accurate and efficient recognition of tomato leaf diseases and pests is essential for precision
agriculture, yet practical deployment remains challenging due to complex backgrounds,
domain shifts, and subtle inter-class visual differences. From a broader mathematical
perspective, this task can be viewed as token-level representation refinement under noise,
ambiguity, and distribution shift. Recent state-space-model-based vision backbones pro-
vide favorable efficiency for high-resolution imagery but lack explicit mechanisms for
adaptive feature refinement under noisy conditions. To address these issues, we propose
EATMamba, an evolution-inspired Vision Mamba framework for tomato leaf disease and
pest classification. Rather than being limited to a task-specific classifier, EATMamba is
formulated as an evolution-inspired differentiable token-refinement mechanism designed
to be compatible with state-space visual recognition backbones. EATMamba introduces
two lightweight and fully differentiable modules—Evolutionary Crossover–Interaction and
Knowledge-Guided Mutation–Selection—which perform token-level recombination and
selective refinement to emphasize discriminative disease cues while suppressing irrelevant
background information. These modules are inspired by crossover, mutation, and selection
concepts, but are implemented as trainable differentiable operations over visual tokens,
forming a generate–recombine–select style mechanism for representation refinement. The
scope of this study is low-cost RGB-based visible-symptom disease and pest classification,
rather than pre-symptomatic early disease detection. Extensive experiments on two comple-
mentary tomato datasets, including a controlled high-resolution dataset and an in-the-wild
farm dataset, demonstrate that EATMamba consistently outperforms representative CNN-,
Transformer-, and state-space-model-based baselines. Ablation studies and visualization
analyses further confirm the complementary contributions of the proposed modules. Over-
all, EATMamba provides an effective and efficient framework for fine-grained plant disease
recognition and illustrates how evolution-inspired principles can be incorporated into
modern vision backbones for robust agricultural image analysis.
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1. Introduction
Tomato is one of the most widely cultivated horticultural crops, yet its yield and

quality are persistently threatened by foliar diseases and pest infestations that can spread
quickly in greenhouses and open fields. Timely and accurate recognition of these diseases
and pests is therefore important for reducing yield loss, guiding pesticide use, and sup-
porting precision crop management. In practical production, however, disease diagnosis
still relies heavily on manual observation by farmers or agricultural technicians. This
process is labor-intensive, subjective, and difficult to scale for continuous field monitor-
ing, especially when non-expert farmers need to distinguish visually similar symptoms
under complex environmental conditions. Vision-based diagnosis is attractive because it
is non-destructive, fast, and compatible with low-cost imaging devices, enabling scalable
monitoring and timely intervention. However, practical deployment still faces a clear
gap between controlled-condition recognition and in-the-wild performance: symptom
appearance varies with illumination [1], background clutter, viewpoint, growth stage, and
mixed stress factors [2], while different diseases may exhibit highly similar lesion patterns,
making fine-grained discrimination error-prone under field conditions [3]. Importantly,
the presence of visible symptoms does not necessarily mean that accurate disease or pest
classification is straightforward. For example, visually similar categories, such as Early
Blight and Late Blight, or Bacterial Spot and Septoria Leaf Spot, may share necrotic spots,
chlorotic halos, and irregular discoloration patterns, which can lead to misdiagnosis by
non-expert observers and unstable model predictions under complex field conditions. Early
deep learning systems verified the feasibility of image-based plant disease recognition
on curated datasets [4], but also revealed reduced robustness when images deviate from
laboratory settings [1]. Recent studies further emphasize that bridging the gap between
controlled-condition recognition and practical deployment remains an open challenge for
plant disease diagnosis [5]. These factors motivate models that are resilient to domain shifts
and background noise while remaining efficient for high-resolution imagery where small
lesions can be lost after aggressive downsampling [6]. Data augmentation strategies such
as mixup and CutMix, as well as generative approaches based on conditional adversarial
networks [7], have been shown to improve model robustness and generalization under
diverse acquisition conditions [8], which is particularly relevant for agricultural settings
where training data may be captured under varied lighting and background conditions [9].

These characteristics lead to three practical challenges. First, disease-related regions
are often sparse and occupy only a small portion of the image, especially when visible
symptoms are small or weak. Second, background textures, illumination changes, and
viewpoint variations may dominate visual responses and mislead the classifier. Third,
several tomato diseases exhibit highly similar local symptoms, such as necrotic spots,
chlorotic halos, and irregular leaf discoloration, making purely local texture modeling
insufficient for reliable fine-grained discrimination. Therefore, an effective model should
preserve high-resolution lesion details, model long-range contextual dependencies, and
adaptively refine discriminative evidence under noisy acquisition conditions [10]. From a
general visual pattern-recognition viewpoint, these difficulties can be formulated as a token-
level refinement problem in which sparse discriminative tokens should be strengthened
while nuisance tokens are suppressed. This perspective is not specific to tomato leaves;
it also applies to image classification tasks where target evidence is weak, distributed, or
partially corrupted.

To study these challenges in a realistic tomato setting, we consider two complemen-
tary datasets with different acquisition regimes. The Tomato Leaves Dataset (TLD) was
constructed by integrating our collected high-resolution tomato leaf images with pub-
licly available tomato leaf disease images from the Kaggle Tomato Leaf Disease Dataset
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(6 Classes) [11]. The Kaggle subset contains RGB tomato leaf images organized for image
classification and covers five common tomato leaf disease categories and one healthy cate-
gory. After dataset integration, class-name harmonization, duplicate screening, and quality
filtering, TLD contains over 20,000 RGB images covering nine tomato leaf diseases, one
pest class (two-spotted spider mite), and healthy leaves. Detailed class-level statistics of
TLD are provided in Section 4.1.

The Tomato Leaf Disease Detection (TLDD) dataset contains approximately 10,200 RGB
images (256× 256) captured on household farms using a Canon EOS 1300D camera, cov-
ering eight diseases, the same pest class, and healthy leaves; compared with TLD, TLDD
exhibits stronger background diversity and more pronounced in-the-wild variations. De-
tailed class-level statistics of TLDD are also provided in Section 4.1. Together, these datasets
highlight a key tension for practical systems: TLD encourages fine-grained recognition with
rich spatial details and partially curated public-source samples, whereas TLDD stresses
robustness under uncontrolled acquisition.

Figure 1 illustrates representative samples and typical visual challenges from the two
datasets, including controlled high-resolution symptoms, in-the-wild background clutter,
illumination variation, and fine-grained inter-class ambiguity.

From an architectural perspective, convolutional neural networks (CNNs) such as
ResNet [12] have been widely adopted for feature extraction in plant disease recognition
due to their strong inductive bias for local lesion textures and edge patterns. Efficient
architectures such as EfficientNet further demonstrate that compound scaling of depth,
width, and resolution can yield favorable accuracy–efficiency trade-offs, although their
deployment for fine-grained agricultural diagnosis remains less explored compared with
that for generic visual recognition tasks. Nevertheless, lesion evidence is often sparse,
distributed, and context-dependent, which benefits from long-range interaction and global
context modeling. Vision Transformers (ViTs) provide global token interactions and have
become competitive backbones for visual recognition [13]. Data-efficient training strategies
(e.g., DeiT) reduce the data and compute barrier, while hierarchical designs (e.g., Swin
Transformer [14]) improve scalability by restricting attention to local windows and enabling
multi-scale learning. Meanwhile, ConvNeXt shows that modernized convolutional designs
can narrow the gap with transformers, underscoring that both architectural efficiency and
global-context capability matter in practice [15]. Despite these advances, attention-based
models still incur non-trivial cost at higher resolutions, whereas high-resolution inputs are
often desirable in agricultural imagery to preserve small lesions and subtle texture cues.

State space models (SSMs) have recently emerged as a promising alternative to atten-
tion, offering efficient sequence processing with strong long-range dependency modeling.
Mamba introduces selective state space models whose parameters are input-dependent,
enabling content-aware propagation with hardware-friendly efficiency [16]. These prop-
erties make SSM/Mamba-based backbones particularly suitable for high-resolution leaf
image analysis, where long visual token sequences need to be processed efficiently while
preserving both subtle lesion details and global contextual cues. Building upon this direc-
tion, Vision Mamba (Vim) constructs a generic vision backbone by representing images as
token sequences and applying bidirectional Mamba blocks to aggregate data-dependent
global context with favorable compute and memory scaling [17]. In parallel, VMamba
adapts selective scan to 2D vision structures through multi-route scanning, further improv-
ing scaling behavior for high-resolution visual inputs [18]. While SSM-based backbones
make high-resolution inference more practical, tomato disease recognition still suffers from
domain shift and background distractors, where sparse discriminative symptoms can be
overwhelmed by nuisance textures.
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TLD Dataset (3264×2448, controlled conditions)

Early Blight Late Blight Healthy

TLDD Dataset (256×256, in-the-wild farm)

Bacterial Spot Septoria Spot Yellow Leaf Curl

Inter-class Visual Similarity

vs

Early Blight vs Late Blight

vs

Bacterial Spot vs Septoria

Figure 1. Representative samples and visual challenges in tomato leaf disease and pest classification.
The TLD contains high-resolution images collected under laboratory or greenhouse conditions,
where fine lesion details are preserved. The TLDD contains in-the-wild farm images with stronger
background clutter, illumination variation, viewpoint changes, and scale differences. Several disease
categories exhibit visually similar symptoms, making fine-grained classification challenging.

However, most existing Mamba-based vision backbones mainly focus on efficient
global sequence modeling. They propagate visual tokens through selective state-space
dynamics, but do not explicitly generate alternative token refinements, evaluate their
usefulness, or selectively retain disease-relevant evidence. This limitation is particularly
important for agricultural disease recognition, where discriminative symptoms may be
sparse, weak, and easily confused with background textures. A mechanism that can
reorganize token evidence through learnable recombination and selection is therefore
desirable. Mathematically, this motivates an evolution-inspired differentiable refinement
mechanism that maps visual tokens to improved representations through recombination,
candidate generation, and soft selection rather than feature propagation alone.

Evolution-inspired computation offers a complementary design perspective for adap-
tive token refinement through variation and selection. EATFormer demonstrates that evo-
lutionary principles can guide effective feature interaction and aggregation in transformer-
style vision models [19]. Evolution Transformer further shows that evolution-strategy-like
updates can be represented and learned as parametric operators, supporting the feasibility
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of embedding evolution-inspired generate-and-select dynamics into neural models [20].
These perspectives motivate an efficient backbone that not only models global context but
also explicitly reorganizes token evidence, retaining beneficial refinements and suppressing
distractors under domain shift.

Motivated by the above, we propose EATMamba, an evolution-inspired Vim-based
framework for tomato leaf disease and pest classification. The model is positioned as a
differentiable token-refinement mechanism, with tomato leaf disease classification serving
as a representative fine-grained validation scenario. EATMamba treats image tokens as
refinement candidates and introduces two fully differentiable evolution-inspired modules
inserted stage-wisely on top of Vim: (1) an Evolutionary Crossover–Interaction module that
performs soft recombination among token representations to consolidate globally consistent
disease cues and (2) a Knowledge-Guided Mutation–Selection module that injects structured
perturbations guided by a learnable memory and applies soft selection to retain beneficial
variations. Both modules are regulated by learnable intensity coefficients (stage-wise α

and β), enabling adaptive balancing between Vim backbone propagation and evolution-
inspired refinements.

The main contributions of this study are summarized as follows:

• We propose EATMamba, an evolution-inspired token-refined Vision Mamba frame-
work for tomato leaf disease and pest classification. Beyond this specific application,
the framework is formulated as a differentiable token-refinement mechanism for
visual pattern recognition under noise, ambiguity, and distribution shift. The pro-
posed framework combines the long-range modeling capability of state-space vision
backbones with explicit token-level evidence refinement.

• We design an Evolutionary Crossover–Interaction (ECI) module that performs
crossover-inspired soft token recombination. In mathematical terms, the recombi-
nation distribution defines a soft interaction matrix over visual tokens. This module
strengthens globally consistent disease cues while reducing the influence of irrelevant
background tokens.

• We develop a Knowledge-Guided Mutation–Selection (KGMS) module, which uses
a learnable memory bank to guide mutation-inspired candidate generation and a
soft selection gate to retain beneficial refinements. This separates memory retrieval,
candidate generation, and soft selection into explicit differentiable steps, provid-
ing an end-to-end trainable generate–recombine–select style mechanism for sparse
lesion representation.

• We clarify the mathematical relationship between the proposed evolution-inspired
refinement mechanism and self-attention, token mixing, state-space modeling, and
memory-based refinement through theoretical discussion and comparative analysis.

• We conduct extensive experiments on two complementary tomato datasets cover-
ing controlled and in-the-wild acquisition conditions. EATMamba consistently out-
performs representative CNN-, Transformer-, and SSM-based baselines, including
ConvNeXt, MambaVision, and EfficientVMamba. Ablation, visualization, and ef-
ficiency analyses verify the effectiveness of the proposed evolution-inspired token
refinement strategy.

2. Related Work
2.1. Efficient CNN Backbones for Fine-Grained Plant Disease Recognition

CNN backbones remain a strong baseline for leaf disease recognition because their
localized inductive bias aligns well with lesion textures and edge patterns. Representative
architectures such as ResNet and DenseNet demonstrate that deep hierarchical represen-
tations and dense connectivity can significantly improve feature reuse and optimization
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stability [12]. For practical agricultural deployment, computational efficiency is equally
important, motivating lightweight CNN families. MobileNetV2 reduces compute via in-
verted residuals and depthwise separable convolutions, while ShuffleNetV2 emphasizes
hardware-aware efficiency beyond FLOPs, yielding favorable speed–accuracy trade-offs
on resource-limited platforms. EfficientNet further proposes compound scaling to jointly
balance depth, width, and resolution, which is particularly relevant when preserving high-
resolution cues is beneficial for small or sparse lesions. Lightweight architectures such as
GhostNet generate additional feature maps through efficient linear transformations, and
RepVGG employs structural reparameterization to decouple training-time multi-branch
topologies from inference-time efficiency. The ResNeXt family demonstrates that aggre-
gated residual transformations improve representational capacity without substantially
increasing parameter count. Efficient channel attention mechanisms such as ECA-Net
further enhance feature discriminability with negligible overhead. The ConvNeXt fam-
ily systematically modernizes convolutional designs to bridge the performance gap with
transformers through improved architectural recipes [15].

Despite their effectiveness, purely convolutional architectures may fail to capture
global context in cluttered backgrounds or under symptom ambiguity, where discrimi-
native evidence is spatially distributed across the leaf. Domain-specific studies further
confirm that CNN-based plant diagnosis systems, while achieving strong performance on
curated benchmarks, degrade under field conditions with variable lighting and complex
backgrounds [21]. Boundary-aware feature enhancement methods such as SEAFEC have
been proposed to improve feature extraction and disease recognition under challenging
field conditions [22]. Efficient tick-shape network designs have also been explored for
resource-constrained image classification [23], while hybrid ResNet-PCA approaches with
deep neural networks have shown promise for sustainable plant disease detection [24].
Flow-based calibration networks further demonstrate the importance of learnable geometric
transformations in visual perception systems [25].

2.2. Vision Transformers and Hybrid Backbones for Global Context Modeling

Vision Transformers (ViTs) address the limited receptive-field issue by modeling
global token interactions through self-attention [13]. Subsequent efforts improve training
efficiency and inductive bias: DeiT introduces transformer distillation to reduce data re-
quirements, and Swin Transformer constructs a hierarchical backbone with shifted-window
attention for scalable multi-scale representations [14]. Beyond vanilla ViTs, several designs
target efficiency and dense prediction. Pyramid Vision Transformer (PVT) uses a progres-
sive pyramid structure to alleviate the high-cost low-resolution output issue of standard
ViTs, making it a versatile backbone for dense tasks. CvT injects convolutional token
embeddings and projections into transformers to strengthen locality while retaining global
modeling. CoAtNet further combines convolution and attention in a principled stage-wise
manner, achieving strong accuracy–efficiency trade-offs across data regimes. The CSWin
Transformer introduces cross-shaped window attention, enabling efficient capture of both
horizontal and vertical contextual information [26]. MaxViT proposes multi-axis attention
combining blocked local and dilated global attention with linear complexity, making it
scalable to high-resolution inputs. PoolFormer demonstrates that the MetaFormer architec-
ture itself, rather than the specific token mixer, is a key driver of transformer performance.
VOLO further introduces outlook attention that dynamically aggregates local features
for fine-grained recognition. MLP-Mixer shows that even MLP-based token mixing can
achieve competitive results, further broadening the design space for vision backbones.
GAN-boosted vision transformers with explainable AI have also shown promising re-
sults for multiclass plant disease classification [27]. Fine-grained perception enhancement
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through counterfactual token selection further improves ViT discriminability [28]. Spectral-
domain tokenization has been proposed to enable efficient ViT training under limited data
regimes [29]. Attention-locating algorithms that explicitly suppress background interfer-
ence have been developed for fine-grained visual classification [30], and semantic feature
integration networks provide complementary multi-level feature fusion for fine-grained
recognition [31].

Cross-modal query–prototype matching further suggests that prototype-level align-
ment can improve the utilization of heterogeneous visual and textual cues without addi-
tional task-specific training [32].

Nevertheless, attention mechanisms can still incur non-trivial compute/memory at
high resolutions, motivating alternatives that preserve long-range modeling while scaling
more favorably [33].

2.3. State Space Models for Vision: From Structured SSMs to Mamba-Based Backbones

State space models (SSMs) provide an alternative route to long-range dependency
modeling with favorable computational scaling. Structured state space models such as
S4 show that long sequences can be modeled efficiently via a structured parameterization
of state transitions, enabling competitive performance on long-context benchmarks [34].
Mamba advances this line with selective SSMs whose parameters are input-dependent,
enabling content-aware sequence propagation with linear-time complexity and hardware-
friendly implementation [16]. Building on Mamba, Vision Mamba (Vim) constructs a vision
backbone by converting images into token sequences and applying bidirectional Mamba
blocks to aggregate global context efficiently [17]. VMamba further adapts selective scan
to 2D vision structures through multi-route scanning to better match spatial layouts and
improve scaling on high-resolution inputs [18]. PlainMamba enhances the non-hierarchical
Mamba for visual recognition by leveraging continuous 2D scanning and direction-aware
updating [35]. More recently, MambaVision explores a hybrid Mamba–Transformer back-
bone and reports strong performance across classification and downstream vision tasks [36].
VMamba-FCS further extends the VMamba family with a feature-cross scanning strategy
for enhanced visual representation learning [10]. LocalMamba further enhances spatial
locality by employing a windowed selective scan [37], while EfficientVMamba optimizes
the balance between efficiency and accuracy through a hierarchical SSM design [38]. In
contrast, MambaOut contends that the SSM component might be redundant for image clas-
sification tasks, and that gated CNN architectures can attain comparable performance [39].
Meanwhile, distillation-free scaling of foundation models provides an alternative perspec-
tive on efficient vision model design [40]. MambaML further extends SSM-based modeling
to multi-label image classification tasks [41], while 2DMamba adapts selective scan for
efficient 2D image representation with applications in gigapixel imagery [42]. The role of
state space models in vision remains an active topic of investigation [43]. Continual prior
compensation has also been explored for sequential human motion prediction, showing
that progressively exploiting prior predictions can improve long-range visual sequence
modeling [44]. These SSM-based backbones are appealing for agricultural imagery, where
high-resolution inference is often required. However, because they are typically feed-
forward, they could benefit from an additional mechanism that explicitly reorganizes token
evidence in the presence of background distractors and domain shifts [45].

2.4. Evolutionary Computation and Evolution-Inspired Neural Modeling

Evolutionary computation (EC) offers a complementary inductive bias through varia-
tion and selection. NEAT demonstrates that evolving both network weights and topologies
can improve neuroevolution by progressively augmenting structures [46]. In large-scale
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vision settings, evolutionary search has been used to discover strong image classifiers.
Genetic CNN applies genetic operations to evolve convolutional architectures. Evolution
strategies have also been studied as scalable black-box optimizers, offering parallel-friendly
optimization dynamics that complement gradient-based learning [47]. Neuroevolutionary
design further demonstrates that evolutionary algorithms can guide deep neural network
construction, highlighting the flexibility of evolutionary search beyond architecture de-
sign [48]. Evolutionary multi-objective search has also been applied to spiking neural
architecture design, extending evolutionary principles to neuromorphic computing [47].
Graph-based evolutionary NAS provides another direction for efficient architecture ex-
ploration [49]. Evolutionary NAS methods have also been applied to agricultural image
recognition through Taguchi design and differential evolution [50]. Adversarially robust
lightweight architectures discovered through differentiable NAS further broaden the scope
of evolution-inspired neural design [51].

Recently, EC concepts have been connected more directly to representation learning:
EATFormer formulates evolution-inspired blocks for transformer-style information inter-
action and aggregation [19]. Evolution Transformer shows that evolution-style update
rules can be represented and learned as parametric operators, supporting differentiable
“generate-and-select” dynamics inside neural models [20]. Neuro-inspired domain gen-
eralization methods further demonstrate that biologically motivated design principles
can enhance model robustness under distribution shift [52]. These advances motivate
embedding explicit, learnable evolution-inspired refinement operators at the token level to
refine representations under ambiguity.

2.5. Multispectral and Hyperspectral Imaging for Plant Disease Diagnosis

Beyond RGB-based recognition, multispectral and hyperspectral imaging has been
widely explored for plant disease detection because spectral responses contain information
related to pigments, moisture variation, and biochemical changes [53]. Compared with RGB
images, hyperspectral data can provide richer spectral signatures and has been reported to
be useful for early-stage or pre-symptomatic disease monitoring. However, hyperspectral
systems usually require specialized sensors, calibration procedures, and higher acquisition
costs, which limit their large-scale deployment in practical agricultural environments.

Therefore, this study focuses on RGB-based visible symptom classification, which
better matches low-cost field deployment scenarios. Nevertheless, multispectral and
hyperspectral extension remains an important future direction.

2.6. Positioning of EATMamba

Existing CNN and transformer families provide strong local and global modeling
capabilities, respectively, but may face efficiency bottlenecks when high-resolution cues are
critical. SSM-based backbones offer linear-complexity global modeling that is well aligned
with high-resolution agricultural imagery, while evolution-inspired modeling provides a
principled mechanism to generate candidate refinements and retain beneficial evidence.
A recent tomato-focused review further highlights practical constraints such as limited
data regimes, multimodal heterogeneity, robustness, and deployment cost, motivating
architectures that are both efficient and adaptive [54]. Few-shot learning strategies such
as sequence-weighted ensemble meta-learning have also been explored to address data
scarcity in crop disease recognition [55]. Noisy-label person re-identification studies further
indicate that probabilistic evidence propagation can help distinguish unreliable samples
from hard but informative training instances [56]. EATMamba is positioned to bridge
these gaps by integrating evolution-inspired differentiable refinement modules into a
Vision Mamba backbone. While the Vim-S backbone provides linear-complexity global
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modeling, the proposed ECI module introduces a controlled quadratic overhead for token-
level recombination. The overall framework aims to keep this overhead moderate through
sparse stage-wise insertion while enhancing token-level evidence re-organization for robust
tomato disease and pest recognition.

It is worth emphasizing that EATMamba differs from directly applying existing atten-
tion or evolution-inspired transformer blocks. First, EATMamba is built upon a state-space
vision backbone, and the proposed modules are inserted as token-refinement operations
rather than replacing the backbone propagation mechanism. Second, ECI formulates token
interaction as differentiable token-level recombination with residual fusion, while KGMS
introduces memory-guided mutation-inspired candidate generation and soft selection.
Third, the stage-wise intensity coefficients explicitly control the contribution of crossover
and mutation-selection, making the evolution-inspired refinement process adaptive across
network depths. These designs make EATMamba particularly suitable for fine-grained
agricultural recognition, where the model must preserve weak lesion evidence while sup-
pressing background interference. More generally, EATMamba can be interpreted as a
token-refinement operator that complements, rather than replaces, existing token modeling
mechanisms. Self-attention emphasizes affinity-based contextual aggregation, token mixing
emphasizes deterministic token transformation, state-space models emphasize sequential
propagation, and memory modules emphasize prototype retrieval; EATMamba separates
crossover-based recombination, memory-guided mutation, and soft selection.

Table 1 summarizes the conceptual differences between EATMamba and related token-
refinement mechanisms.

Table 1. Conceptual comparison between EATMamba and related token refinement mechanisms.

Mechanism Main Operation Candidate
Generation Selection Relation to EATMamba

Self-
attention

Affinity-based
weighted
aggregation

No explicit
candidate
generation

Implicit
attention
weights

ECI also uses soft affinities, but treats them as
crossover-inspired recombination
distributions.

Token
mixing

Deterministic
token
transformation

No No explicit
selection

EATMamba refines tokens through
recombination, candidate generation, and soft
selection.

Memory
module

Prototype
retrieval or
memory readout

Partial Usually
implicit

KGMS uses memory retrieval as guidance for
mutation-inspired candidate generation.

Gating
module

Feature-wise or
token-wise
modulation

Usually no Gate-based
selection

KGMS applies a soft selection gate after
memory-guided candidate generation, not
direct gating alone.

EATMamba

Recombination +
memory-guided
candidate
generation + soft
selection

Yes Differentiable
soft selection

Provides an evolution-inspired
generate–recombine–select refinement
mechanism within a Vision Mamba backbone.

This comparison clarifies that EATMamba should not be interpreted as a classical
evolutionary algorithm or as a simple re-labeling of attention, memory retrieval, or gating.
Instead, it translates the generate–recombine–select design principle into differentiable
token refinement operations compatible with state-space visual backbones.
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3. Method
3.1. Problem Formulation and Evolutionary Perspective

We first formulate EATMamba at the level of a generic visual token matrix rather than
a specific crop image. Let X ∈ RM×D denote a visual token set, where each row represents
one token representation and the full matrix represents the token state at a given network
depth. The proposed refinement operator maps the current token set to a refined token set
through differentiable recombination, candidate generation, and soft selection.

X+ = X + α
(
Cθ(X)− X

)
+ β

(
Sθ(Cθ(X))− Cθ(X)

)
, (1)

This formulation is independent of a specific crop category and can be inserted into token-
based visual recognition backbones. Given an input crop image I ∈ RH×W×3 with label
y ∈ {1, . . . , C}, our goal is to learn a classifier fω that predicts logits ŷ ∈ RC. We build EAT-
Mamba upon the Vision Mamba (Vim-S) backbone and integrate two evolution-inspired
differentiable refinement modules to refine token representations in a biologically inspired
yet fully differentiable manner.

We use evolutionary terms only as design analogies. In this formulation, each token
representation is treated as a refinement unit, and the token set is treated as a collection of
candidate representations. Crossover, mutation, and selection are implemented as differ-
entiable token recombination, mutation-inspired candidate generation, and soft selection,
rather than as population-level stochastic evolutionary optimization. Following this view,
EATMamba introduces two evolution-inspired refinement operators that can be composed
into a single token-refinement step while remaining compatible with Vim’s sequential
state-space modeling. In this interpretation, Vim provides long-range state-space propaga-
tion, whereas EATMamba provides an explicit differentiable token-refinement step before
selected backbone blocks.

Figure 2 provides a high-level overview of the complete EATMamba workflow, while
Figure 3 presents the detailed stage-wise architecture and module composition. The input
image is first converted into patch tokens with positional embeddings and a task token.
The tokens are then processed by the Vision Mamba backbone, where the proposed token-
refinement operator is inserted in a stage-wise manner. Each token-refinement operator
consists of ECI and KGMS, and its contribution is controlled by learnable crossover-inspired
recombination and mutation-selection-inspired refinement intensities.

3.2. Vim Backbone and Tokenization

We follow Vim-S to convert the image into a visual sequence. Let P be the patch size.
The number of patches is

J =
HW
P2 , M = J + 1, (2)

where M includes one task token. Denote by tj
p ∈ RP×P×3 the j-th patch, and let

W ∈ R(P2·3)×D be the patch projection. We form the initial tokens as

T(0) =
[
tcls; t1

pW; · · · ; tJ
pW

]
+ Epos ∈ RM×D, (3)

where tcls ∈ RD is a learnable task token and Epos ∈ RM×D is the positional embedding.
Vim-S stacks L bidirectional Mamba blocks with residual connections. Let VimBlockℓ(·)

denote the ℓ-th block. The backbone update is

T(ℓ) = VimBlockℓ

(
T(ℓ−1)

)
+ T(ℓ−1), ℓ = 1, . . . , L. (4)
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In EATMamba, we keep the Vim block intact (including its bidirectional SSM and Conv1d
components) and inject evolution-inspired token refinements into its input tokens.

Unless otherwise specified, we use a patch size of P = 16 and an embedding dimension
of D = 384 (Vim-S configuration). The Vim-S backbone contains L = 24 blocks partitioned
into S = 4 stages with block numbers {2, 6, 6, 10}. The ETD insertion numbers are set to
Ks = [1, 1, 2, 2] from shallow to deep stages. For the evolution-inspired refinement modules,
the projection dimension is set to d = 64, the memory bank size in KGMS is K = 32, and
the hidden width of the mutation MLP is Dh = 256. These settings are used for all datasets
unless otherwise stated.

Input

RGB Image

Patch Tokenization

+ 

Positional Embedding

Classification

Head

ECI

Crossover-Inspired

Token Recombination

KGMS

Mutation-Inspired

Candidate Generation

+ Soft Selection

Vision Mamba

Backbone

Disease / Pest

Category

Figure 2. High-level processing pipeline of EATMamba. An RGB tomato leaf image is tokenized
into visual tokens, processed by the Vision Mamba backbone, refined through the ECI and KGMS
modules, and finally classified into a disease, pest, or healthy category.

Input

Image

Patch Emb. +

Pos. Emb. + CLS

Stage 1

Vim

ETD

×1

Stage 2

Vim

ETD

×1

Stage 3

Vim

ETD

×2

Stage 4

Vim

ETD

×2

Classification

Head

Disease / Pest

Prediction

α₁ α₂ α₃ α₄

β₁ β₂ β₃ β₄

ETD Block = ECI + KGMS

ECI: Evolutionary Crossover–Interaction

① Input Token Set U ∈ RM×D
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⑤ Recombined Token Set: C = P · U
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④ Knowledge Retrieval: R = softmax(S) · H
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⑥ Soft Selection Gate: G = sigmoid( LN(M−V) · w
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)
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s
(ECI(U)−U) + β

s
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Figure 3. Detailed architecture and module composition of EATMamba. The input tomato leaf
image is tokenized into patch tokens and a task token, followed by multiple Vision Mamba stages.
The proposed token-refinement operator is inserted stage-wisely and consists of the Evolutionary
Crossover–Interaction (ECI) module and the Knowledge-Guided Mutation–Selection (KGMS) module.
Learnable coefficients αs and βs adaptively control the strengths of crossover-inspired recombination
and mutation-selection-inspired refinement at stage s.

3.3. Evolution-Inspired Refinement Module I: Evolutionary Crossover–Interaction (ECI)

The detailed internal construction of the ECI module is illustrated in Figure 4. The
motivation of ECI is to enhance disease-relevant token evidence through learnable recom-
bination. In tomato leaf images, discriminative lesion regions are often spatially sparse,
while their interpretation depends on surrounding leaf texture, color transition, and global
disease context. Purely local modeling may fail to connect these separated cues, whereas
direct global aggregation may introduce background noise. Therefore, ECI aims to softly
recombine token representations so that weak lesion tokens can interact with contextually
related tokens and obtain more discriminative representations.
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It should be noted that ECI is not a standard self-attention module. Self-attention
usually computes affinity-based weighted aggregation among tokens, whereas ECI is
formulated as a crossover-inspired recombination process: a learnable soft recombination
distribution weights token sources, and the resulting recombination produces refined token
candidates. Thus, the evolutionary terminology is used to describe the design principle
of token recombination, while the actual implementation remains a differentiable neural
operation trained by backpropagation.

Let U ∈ RM×D be the token set entering the evolution-inspired refinement pathway
at some layer. ECI implements crossover-inspired recombination by constructing a soft
recombination distribution and recombining token representations accordingly.

We first compute queries/keys using learnable projections Wq, Wk ∈ RD×d:

Q = UWq ∈ RM×d, K = UWk ∈ RM×d. (5)

The recombination affinity and the soft recombination distribution are defined as

A =
QK⊤√

d
∈ RM×M, P = softmax

(
A
τ

)
∈ RM×M, (6)

where τ > 0 is a temperature and softmax(·) is row-wise. The recombined token set is
obtained by weighted token recombination

C = PU ∈ RM×D. (7)

To increase expressiveness while keeping the operator lightweight, we fuse the original
and recombined token representations via a gated MLP:

C̃ = ϕ
([

U∥C
]
Wc

)
∈ RM×D, (8)

where Wc ∈ R2D×D, ∥ is concatenation, and ϕ(·) is a pointwise nonlinearity (SiLU). Finally,
ECI outputs a refined token set with residual fusion:

ECI(U) = U + C̃. (9)

This operator is permutation-sensitive through positional embeddings, as in Vim, and
implements crossover-inspired token recombination through a learnable soft recombina-
tion distribution.

Although ECI shares a soft affinity computation with self-attention, its role and inter-
pretation are different. Standard self-attention directly aggregates contextual information
for each token, whereas ECI explicitly constructs a recombined token set through soft
token recombination and then fuses the original and recombined representations through
residual fusion. In this sense, ECI serves as a crossover-inspired token-recombination
operator rather than a generic attention layer. The temperature τ controls the sharpness
of the recombination distribution, allowing the model to adapt between broad token
mixing and selective recombination. Thus, the affinity matrix in ECI is used as a soft
recombination distribution over token representations rather than only as a contextual
aggregation weight.
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Figure 4. Structure of the Evolutionary Crossover–Interaction (ECI) module. Given an input token
set U, ECI computes a soft recombination distribution through projected queries and keys, generates
a recombined token set by weighted token recombination, and fuses the original and recombined
token representations through a gated MLP and residual connection.

3.4. Evolution-Inspired Refinement Module II: Knowledge-Guided Mutation–Selection (KGMS)

The architecture of the proposed KGMS module is depicted in Figure 5. While ECI
recombines existing token evidence, it may still be insufficient when disease-related tokens
are weak, sparse, or partially suppressed by background textures. In tomato leaf images,
subtle lesion cues can be confused with illumination changes, leaf veins, soil background,
or other nuisance patterns. Therefore, an additional refinement mechanism is needed to
generate candidate token variations and selectively retain useful changes.

KGMS is designed for this purpose by introducing memory-guided candidate gen-
eration and differentiable soft selection. The terms “mutation” and “selection” are used
as evolution-inspired design analogies rather than as classical evolutionary optimization.
KGMS does not perform population-level stochastic search, non-gradient-based fitness
evaluation, or discrete survival decisions. Instead, it implements mutation-inspired candi-
date generation and soft selection as end-to-end trainable differentiable neural operations
over visual tokens.

Let V ∈ RM×D be the input token set to KGMS (typically V = ECI(U)).
We introduce a memory bankH ∈ RK×D with K prototypes. For each token vi ∈ RD,

we retrieve a knowledge vector ri via attention over memory:

S =
(VWr)(HWh)

⊤
√

d
∈ RM×K, Π = softmax(S) ∈ RM×K, R = ΠH ∈ RM×D, (10)

where Wr, Wh ∈ RD×d, and R stacks all retrieved ri. The memory bankH is initialized with
random normal values with a standard deviation of 0.02 and updated via backpropagation
during training. We then apply a directional mutation-inspired transformation conditioned
on both the token representation and its retrieved knowledge:

M = V + ψ
(
(V + R)W1

)
W2 ∈ RM×D, (11)

where W1 ∈ RD×Dh , W2 ∈ RDh×D, ψ(·) is GELU, and Dh is the hidden width.
Selection is implemented as a differentiable soft gate to avoid non-differentiable top-k

decisions and preserve small lesion cues. We compute token-wise soft selection gates:

G = sigmoid
(

LN(M−V)wg

)
∈ RM×1, (12)

where wg ∈ RD, LN(·) is LayerNorm, and broadcasting is applied along D. The refined
token set is

KGMS(V) = (1− G)⊙V + G⊙M ∈ RM×D. (13)
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This module instantiates a knowledge-aware differentiable refinement step: memory re-
trieval provides prototype guidance, mutation-inspired transformation generates candidate
refinements, and soft selection retains useful changes in an end-to-end trainable manner.

KGMS is designed to complement ECI. While ECI emphasizes token-level recombina-
tion among existing representations, KGMS generates candidate refinements by injecting
memory-guided variations. In a general pattern-recognition setting, this mechanism is
useful when discriminative tokens are weak, sparse, or ambiguous; in tomato disease
recognition, weak lesion tokens may not be sufficiently enhanced by recombination alone.
The learnable memory bank provides reusable disease-related prototypes, and the soft
selection gate adaptively determines whether the candidate-refined representation should
be fused with the original token representation. Therefore, KGMS provides a controlled
candidate-generation and soft-selection mechanism for sparse and ambiguous symptom
cues. Compared with direct memory retrieval, KGMS uses the retrieved representation
as guidance for mutation-inspired candidate generation and then filters the generated
candidate through soft selection.

Memory Bank H

h
1

h
2

··· h
K

Input 

Token V

Knowledge Retrieval

R = ΠH

Knowledge 

Retrieval
Mutation-Inspired 

Candidate Generation 

M = V + ψ ((V+R)W
1
)W

2

Mutation
Candidate M

Original V

Soft Selection

KGMS(V) = (1 − G)V + GM

Soft Selection 

Gate G
KGMS(V)

Key formulas: R = ΠH M = V + ψ ((V+R)W
1 

)W
2

G = sigmoid(LN(M−V)wg ) KGMS(V) = (1−G)V + GM

Memory/Retrieval Mutation-Inspired Candidate Generation Selection Tokens Skip connection

Figure 5. Structure of the Knowledge-Guided Mutation–Selection (KGMS) module. KGMS retrieves
disease-related knowledge from a learnable memory bank, generates candidate-refined token repre-
sentations through a mutation-inspired MLP, and applies a soft selection gate to adaptively fuse the
original and candidate-refined representations.

3.5. Overall Architecture of EATMamba: ETD Composition and Stage-Wise Insertion

We define one token-refinement operator (ETD) as the composition of the two
evolution-inspired modules:

ETD(U) = KGMS
(
ECI(U)

)
. (14)

To control the strength of evolution-inspired refinement and improve interpretability, we
introduce learnable nonnegative mixing coefficients that weight the contribution of each
operator. For stage s, we learn two scalars:

αs = softplus(ᾱs), βs = softplus(β̄s), (15)

and fuse the intermediate results as

Û = U + αs

(
ECI(U)−U

)
+ βs

(
ETD(U)− ECI(U)

)
. (16)

Here, αs mainly controls crossover/recombination strength, and βs controls the additional
mutation–selection refinement beyond crossover. When both coefficients approach zero,
the refinement pathway degenerates to the original backbone, whereas positive coefficients
activate crossover-inspired recombination and mutation-selection-inspired refinement.

We partition the L Vim blocks into S stages, where stage s contains Ls blocks and
∑S

s=1 Ls = L. In each stage, we insert Ks ETD operations (default K = [1, 1, 2, 2] from
shallow to deep when S = 4; for other S, we allocate larger Ks to deeper stages).

https://doi.org/10.3390/math14152813

https://doi.org/10.3390/math14152813


Mathematics 2026, 14, 2813 15 of 36

The rationale behind this stage-wise insertion strategy is twofold. First, shallow layers
mainly encode low-level edges, colors, and local textures, where excessive token recombi-
nation may disturb fine lesion details. Second, deeper layers contain more semantic and
compact token representations, making them more suitable for token-level recombination
and knowledge-guided refinement. Therefore, we allocate more ETD operations to deeper
stages to enhance disease-discriminative semantics while controlling computational over-
head. Let T(ℓ−1) be the input to a Vim block at some layer within stage s. When ETD is
inserted, we update

T̃(ℓ−1) = Û with U = T(ℓ−1), T(ℓ) = VimBlockℓ

(
T̃(ℓ−1)

)
+ T̃(ℓ−1). (17)

Otherwise, we revert to the vanilla Vim update in Equation (4). This design preserves the
backbone computation graph while injecting explicit evolution-inspired refinements at
selected depths.

Overall, the evolution-inspired terms used in ECI and KGMS are intended to de-
scribe the design intuition of recombination, candidate generation, and soft selection. The
proposed modules are not evolutionary algorithms in the classical sense; they are fully
differentiable neural operators optimized by standard backpropagation.

3.6. Classification Head and Training Objective

After the final Vim block, we obtain T(L) ∈ RM×D. We follow the class-token predic-
tion protocol and compute the feature vector

f = Norm
(
T(L)

0,:
)
∈ RD, ŷ = Wo f + bo ∈ RC, (18)

where Wo ∈ RC×D and bo ∈ RC. We optimize the standard cross-entropy loss:

p = softmax(ŷ), Lcls = −
C

∑
c=1

1[y = c] log pc. (19)

Optionally, to prevent overly uncertain selection and to encourage confident yet smooth
soft-selection behavior, we employ a mild gate regularizer:

Lgate =
1
M

M

∑
i=1

gi(1− gi), L = Lcls + λLgate, (20)

where gi is the i-th scalar in G and λ = 0.01 balances the regularization strength.

3.7. Complexity Discussion

The proposed operator is differentiable almost everywhere because softmax recombina-
tion, memory-guided mutation, and sigmoid selection are all differentiable operations. The
row-stochastic recombination distribution gives the crossover-inspired step a controlled re-
combination interpretation, and the bounded soft selection gate makes the selected output a
continuous interpolation between the original and candidate-refined token representations.

Let M denote the token length and D denote the embedding dimension. Each ETD
insertion introduces additional costs from ECI and KGMS. For ECI, computing the re-
combination logits requires O(M2d) operations, and generating the recombined token set
requires O(M2D) operations. For KGMS, memory retrieval requires O(MKd) operations,
and the mutation MLP requires O(MDDh) operations, where K is the number of memory
prototypes and Dh is the hidden width.

Although ECI contains a quadratic token interaction term, EATMamba does not apply
it densely to all layers. Instead, ETD is inserted sparsely and stage-wisely, with more
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insertions in deeper stages where token representations are more semantically compact
and better suited for token-level recombination. Because Vim-S employs a non-hierarchical
architecture, the token length remains constant across stages; the stage-wise insertion
strategy is therefore motivated by representational semantics rather than token-length
reduction. Moreover, the projection dimension d and the memory size K are set to moderate
values. This design preserves the efficient global modeling capability of the Vim-S backbone
while introducing controlled evolution-inspired token refinement.

With Ks = [1, 1, 2, 2] ETD insertions across the four stages, the total parameter count
increases from 26.3 M (Vim-S) to 33.5 M (EATMamba), representing a 27.4% overhead.
FLOPs increase from 4.8 G to 5.8 G (20.8% overhead) when measured at 224× 224 resolution
following the fvcore convention. The inference latency increases from 6.5 ms to 7.1 ms
per image (batch size = 1), while throughput decreases from 360 to 310 images per second
(batch size = 32). These overheads are moderate relative to the accuracy gains (+0.86%
Acc on TLD, +1.81% Acc on TLDD), yielding a favorable accuracy–efficiency trade-off for
practical agricultural deployment.

4. Experiments
Algorithm 1 summarizes the complete forward inference procedure of EATMamba

rather than introducing a standalone optimization or post-processing algorithm. Its
overall effectiveness is evaluated through the main-comparison experiments presented
later. The ECI and KGMS operations, together with the stage-wise insertion policy, are
further assessed in the subsequent ablation and insertion-strategy analyses. Therefore,
the complete procedure and its principal operations are quantitatively assessed in the
existing experiments.

Algorithm 1 Forward inference procedure of EATMamba

Require: Image I
1: T(0) ← tokenization by Equation (3)
2: for ℓ = 1 to L do
3: if ETD inserted at layer ℓ (stage-wise policy) then
4: U ← T(ℓ−1)

5: Ucx ← ECI(U) by Equation (9)
6: Uetd ← KGMS(Ucx) by Equation (13)
7: T̃(ℓ−1) ← U + αs(Ucx −U) + βs(Uetd −Ucx) by Equation (16)
8: else
9: T̃(ℓ−1) ← T(ℓ−1)

10: end if
11: T(ℓ) ← VimBlockℓ(T̃(ℓ−1)) + T̃(ℓ−1) by Equation (17)
12: end for
13: f ← Norm(T(L)

0,: ), ŷ←Wo f + bo by Equation (18)
14: return ŷ

4.1. Datasets

Experiments were conducted on two tomato leaf disease and pest datasets with complemen-
tary characteristics, covering both controlled and in-the-wild acquisition conditions. Detailed
class-level statistics are reported to reflect the fine-grained nature of the recognition task.

The detailed class-level statistics of TLD are summarized in Table 2.
The Tomato Leaves Dataset (TLD) consists of 20,680 RGB images from both self-

collected and public-source data. Specifically, part of the dataset was collected from
laboratory environments and commercial greenhouses, while an additional public subset
was obtained from the Kaggle Tomato Leaf Disease Dataset (6 Classes) [11]. The Kaggle
subset is licensed under Creative Commons Attribution 4.0 International (CC BY 4.0),
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and it contains RGB images of tomato leaves categorized into six classes, including five
common disease classes and one healthy class. In this study, all public-source images
were used in accordance with the license requirements, with attribution provided in the
references and the dataset source explicitly reported. Before integration, class names were
manually harmonized with the taxonomy used in this study, and images with ambiguous
labels, severe corruption, or near-duplicate content were removed during quality control.
After integration and filtering, TLD covers nine tomato leaf disease classes, one pest class
(two-spotted spider mite), and one healthy class, totaling 11 categories. Detailed sample
quantity for each category, total sample number, image resolution, and acquisition/source
information are summarized in Table 2. The dataset exhibits moderate class imbalance,
reflecting both realistic disease occurrence frequencies and the uneven distribution of
publicly available tomato disease images. To address this imbalance during evaluation,
we report macro-averaged Precision, Recall, and F1-score in addition to accuracy so that
minority classes are not overwhelmed by majority classes. During training, we did not
apply aggressive over-sampling because repeated minority-class images may increase
overfitting for visually homogeneous disease categories. Instead, we used stratified data
splitting and standard data augmentation to preserve realistic class distributions while
improving generalization.

Table 2. Detailed statistics of the Tomato Leaves Dataset (TLD).

Class #Images

Bacterial Spot 2261
Early Blight 1964
Late Blight 2490
Leaf Mold 2203
Septoria Leaf Spot 2305
Spider Mites (Two-spotted) 1398
Target Spot 1462
Tomato Yellow Leaf Curl Virus 1631
Tomato Mosaic Virus 1722
Healthy 2441
Powdery Mildew 803

Total Images 20,680
Number of Classes 11
Image Resolution 3264× 2448
Data Source Self-collected + Kaggle public subset
Acquisition Scene Laboratory/Greenhouse/Public-source images
License of Public Subset CC BY 4.0

The detailed class-level statistics of TLDD are summarized in Table 3.
The TLDD was constructed by our group using a Canon EOS 1300D camera on

household farms and will be made publicly available upon paper acceptance, together with
the exact train/validation/test split indices and the random seed used for reproducibility.
The per-class sample counts and core dataset specifications of TLDD are listed in Table 3.
For the public-source Kaggle subset, the original folder-level class labels were retained,
followed by class-name harmonization, visual consistency checking, duplicate screening,
and quality filtering before integration. The integrated dataset was then divided into
training, validation, and test subsets under the same stratified protocol to ensure a unified
evaluation setting.

https://doi.org/10.3390/math14152813

https://doi.org/10.3390/math14152813


Mathematics 2026, 14, 2813 18 of 36

Table 3. Detailed statistics of the Tomato Leaf Disease Detection (TLDD) dataset.

Class #Images

Late Blight 1120
Healthy 1050
Early Blight 1010
Septoria Leaf Spot 980
Tomato Yellow Leaf Curl Virus 1030
Bacterial Spot 1040
Target Spot 1000
Tomato Mosaic Virus 990
Leaf Mold 1000
Spider Mites (Two-spotted) 980

Total Images 10,200
Number of Classes 10
Image Resolution 256× 256
Acquisition Scene In-the-wild (Farm)

Dataset Annotation and Expert Validation Protocol

For the self-collected images in TLD and TLDD, annotation was conducted under
the guidance of domain experts with long-term experience in tomato cultivation, pest
management, and field disease diagnosis. Before annotation, the experts provided labeling
guidelines based on visible symptom characteristics, including lesion morphology, chlorosis
patterns, necrotic regions, leaf discoloration, and pest-related damage. Trained annotators
first assigned preliminary labels according to these guidelines and the corresponding
field records.

To improve annotation reliability, the preliminary labels were subsequently reviewed
by the experts. Images with severe blur, strong occlusion, uncertain symptoms, mixed
infections, or inconsistent judgments were excluded from the final dataset or returned for
expert discussion. For visually similar categories, such as Early Blight versus Late Blight
and Bacterial Spot versus Septoria Leaf Spot, additional expert verification was performed
by comparing disease-specific symptom cues, including lesion shape, expansion pattern,
chlorotic halos, water-soaked or necrotic regions, and spot distribution. The final label
was determined only after expert confirmation. For the public-source Kaggle subset, the
original folder-level labels were retained, while visual consistency checking, duplicate
screening, and quality filtering were used to reduce label noise before integration.

Because the final labels were obtained through an expert-supervised consensus pro-
cedure rather than independent blind annotation by multiple annotators, a numerical
inter-annotator agreement coefficient such as Cohen’s kappa or Fleiss’ kappa was not
computed in this study. Instead, we adopted an expert-guided quality-control protocol,
including annotation guideline preparation, preliminary labeling, expert review, ambiguity
resolution, and exclusion of unreliable samples.

For both datasets, images were split into training, validation, and test sets with a
ratio of 70%/10%/20% using a stratified random protocol to preserve the original class
distribution across splits. Representative samples and typical visual challenges from both
datasets are shown in Figure 1.

A fixed random seed (seed = 42) was used for reproducibility. When visually near-
duplicate images or images captured from the same leaf sequence were available, they were
assigned to the same subset to reduce potential data leakage. Specifically, near-duplicate
detection was performed using perceptual hashing (pHash) with a Hamming-distance
threshold of 12; images with hash distances below this threshold were treated as a single
group and assigned to the same split. All reported results are computed on the held-out
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test set that was not used during model selection or hyperparameter tuning. To facilitate
independent verification, we will release the pre-computed split files (CSV with image
paths and assigned subsets) alongside the dataset.

4.2. Implementation Details
4.2.1. Experimental Setup

All classification accuracy experiments were conducted on the AutoDL platform
equipped with an NVIDIA RTX 3060 GPU (12 GB), Ubuntu 20.04, Python 3.8, and Py-
Torch 2.0.0 with CUDA 11.8. The physical batch size was set according to GPU memory
constraints, and gradient accumulation was used to obtain an effective batch size of 64
when necessary.

Efficiency metrics (Params, FLOPs, latency, throughput, and inference memory) were
measured on a separate workstation with an NVIDIA RTX 4090 GPU and CUDA 12.1. All
models were evaluated under identical efficiency measurement protocols to ensure fair
comparison: the same batch sizes, warm-up procedure, input resolution (224× 224), and
PyTorch configuration (FP32, model.eval(), torch.no_grad(), and no torch.compile or
AMP). The efficiency hardware differs from the training hardware because the RTX 3060
used for training could not accommodate the larger models (e.g., ViT-B/16) at the batch
size required for throughput measurement.

All classification results reported in Tables 4 and 5 were obtained from our own train-
ing and evaluation runs rather than copied from the original publications. We used the
official or publicly available implementations and ImageNet-pretrained weights whenever
available, and adapted only the final classification heads to the target label spaces. All
baseline models were trained and evaluated using the same dataset splits, data augmen-
tation protocol, pretraining policy, optimization schedule, number of independent runs,
and evaluation metrics. Therefore, the reported results represent a controlled comparison
under the unified experimental protocol of this study.

Similarly, all computational-efficiency results in Table 6 were re-measured by us
under the same hardware and software environment, rather than adopted from the
original papers.

All comparison methods were trained and evaluated under identical experimental
protocols to ensure fair comparison. The input resolutions used during training and accu-
racy evaluation were set according to the characteristics of each dataset: TLD images were
resized to 512× 512 to preserve fine-grained lesion details from the original high-resolution
captures, while TLDD images were processed at their original resolution of 256× 256.
These dataset-specific resolutions are used only for accuracy experiments (Tables 4 and 5);
they are deliberately decoupled from the efficiency benchmarking described in Section 4.4,
where all models are evaluated at a uniform 224× 224 resolution for fair cross-model
cost comparison.

During training, we applied standard image augmentation strategies, including ran-
dom resized cropping, horizontal flipping, random rotation, color jittering, and normal-
ization to the pre-resized inputs described above. During validation and testing, only
deterministic resizing and normalization were applied. Considering the moderate class
imbalance in TLD, we did not apply aggressive over-sampling or inverse-frequency class-
balanced sampling during training, because repeatedly sampling minority-class images
may increase overfitting for visually homogeneous disease categories. Instead, we used
stratified data splitting, standard data augmentation, and macro-averaged Precision, Recall,
and F1-score for evaluation to reduce the dominance of majority classes.

All backbone models were initialized with ImageNet-pretrained weights when avail-
able. The classification heads were randomly initialized and trained from scratch for the
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tomato disease and pest classification task. For fair comparison, the same pretraining
protocol was used for all applicable baselines.

4.2.2. Hyperparameter Settings

The AdamW optimizer was employed with an initial learning rate of 1× 10−3. A
step-based learning rate scheduler halved the learning rate every 50 epochs. The batch
size was set to 64, and all models were trained for up to 300 epochs. Early stopping with
a patience of 30 epochs was applied to prevent overfitting. Dropout (rate = 0.2) and L2
regularization with a weight decay of 1× 10−5 were used to improve generalization.

The effective batch size of 64 was used to balance gradient stability and GPU-memory
constraints, with gradient accumulation applied when necessary. The initial learning rate
and step-decay schedule were used as common and stable settings for AdamW-based
fine-tuning and were kept identical for all compared models. Dropout, weight decay,
and early stopping provide moderate regularization and convergence control. The gate-
regularization coefficient was set to a small value of λ = 0.01 so that the auxiliary gate loss
would not dominate the primary classification objective. These settings were fixed across
all experiments, and no model-specific tuning was performed on the test set.

To reduce the influence of random initialization and data shuffling, each experiment
was repeated with three independent random seeds. Unless otherwise specified, we report
the mean performance over three runs. Standard deviations are provided for the main
comparison, ablation, and sensitivity experiments.

The hyperparameters can be divided into backbone-related settings, general training
settings, and EATMamba-specific settings. The patch size, embedding dimension, and
network depth follow the standard Vim-S configuration so that the proposed method re-
mains directly comparable with its backbone. AdamW was used because it provides stable
optimization for Transformer- and state-space-model-based architectures. The learning
rate, weight decay, dropout rate, maximum number of epochs, and early stopping patience
were fixed for all compared models rather than individually optimized for EATMamba,
thereby avoiding a comparison biased toward the proposed method.

For the EATMamba-specific parameters, the reduced projection dimension d = 64
and mutation-MLP hidden width Dh = 256 were selected to provide sufficient refinement
capacity while controlling the additional computational cost. The stage-wise insertion
policy Ks = [1, 1, 2, 2] is evaluated in the insertion-strategy analysis presented later.

The memory-bank size K = 32 and ECI temperature τ = 2.0 were selected using the
validation-set sensitivity analyses presented later. The test set was not used for hyperparam-
eter selection. The relatively small performance variation around the selected values indi-
cates that EATMamba is not highly sensitive to these parameters within reasonable ranges.

4.2.3. Evaluation Metrics

As a multi-class image classification task, model performance was evaluated using
Accuracy (Acc), macro-averaged Precision, macro-averaged Recall, and macro-averaged
F1-score. Macro-averaging was adopted to ensure that each disease category contributes
equally to the final metric, which is important when class imbalance exists.

Acc =
1
n

n

∑
i=1

I(ŷi = yi), (21)

Precisionmacro =
1
C

C

∑
c=1

TPc

TPc + FPc
, (22)
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Recallmacro =
1
C

C

∑
c=1

TPc

TPc + FNc
, (23)

F1macro =
1
C

C

∑
c=1

2 · Precisionc · Recallc
Precisionc + Recallc

, (24)

where TPc, FPc, and FNc denote the true positives, false positives, and false negatives of
class c, respectively. ŷi and yi denote the predicted and ground-truth labels of the i-th test
sample, and n is the total number of test samples.

4.3. Experimental Results and Analysis

Because tomato disease datasets may contain class imbalance and fine-grained inter-
class ambiguity, relying only on overall accuracy may obscure minority-class behavior.
Therefore, we report Accuracy together with macro-averaged Precision, Recall, and F1-score
to provide a more balanced evaluation across disease and pest categories.

We compare EATMamba with representative CNN-based, transformer-based, and
state-space based models, including recent strong competitors such as ConvNeXt-T [15],
MambaVision-T [36], and EfficientVMamba [38]. Quantitative results on the TLD and
TLDD are reported in Tables 4 and 5, respectively.

Table 4. Classification performance on the TLD. Mean ± std over three independent runs. The best
result for each metric is shown in bold.

Method Acc (%) Precision (%) Recall (%) F1 (%)

ResNet-50 94.21± 0.52 93.76± 0.61 93.41± 0.68 93.52± 0.64
EfficientNet-B3 94.88± 0.41 94.57± 0.52 94.08± 0.58 94.24± 0.49
ViT-B/16 95.62± 0.44 95.18± 0.49 94.94± 0.52 94.97± 0.44
Swin-T 96.17± 0.33 95.84± 0.41 95.52± 0.45 95.62± 0.38
ConvNeXt-T 96.25± 0.31 95.92± 0.38 95.61± 0.42 95.71± 0.35
Vim-S 96.03± 0.47 95.71± 0.44 95.78± 0.51 95.68± 0.42
VMamba-T 96.61± 0.28 96.42± 0.33 96.04± 0.41 96.15± 0.36
MambaVision-T 96.72± 0.35 96.35± 0.40 96.18± 0.38 96.22± 0.34
EfficientVMamba 96.58± 0.30 96.28± 0.36 95.95± 0.39 96.08± 0.33
EATMamba 96.89± 0.24 96.56± 0.31 96.52± 0.30 96.26± 0.35

Table 5. Classification performance on the TLDD. Mean ± std over three independent runs. The best
result for each metric is shown in bold.

Method Acc (%) Precision (%) Recall (%) F1 (%)

ResNet-50 88.23± 0.71 87.92± 0.79 86.71± 0.88 87.05± 0.84
EfficientNet-B3 89.42± 0.62 89.20± 0.67 88.51± 0.75 88.72± 0.58
ViT-B/16 90.08± 0.58 89.64± 0.72 89.20± 0.80 89.28± 0.63
Swin-T 91.14± 0.54 90.86± 0.59 90.31± 0.67 90.43± 0.52
ConvNeXt-T 91.28± 0.48 90.95± 0.55 90.45± 0.60 90.58± 0.49
Vim-S 91.06± 0.49 90.71± 0.55 90.55± 0.62 90.52± 0.50
VMamba-T 91.91± 0.45 91.78± 0.51 91.10± 0.60 91.28± 0.48
MambaVision-T 92.05± 0.42 91.82± 0.48 91.35± 0.55 91.52± 0.45
EfficientVMamba 91.76± 0.44 91.55± 0.50 90.98± 0.58 91.18± 0.46
EATMamba 92.87± 0.38 92.15± 0.52 92.48± 0.48 91.92± 0.51

As shown in Tables 4 and 5, the experimental results illustrate a typical performance
pattern in fine-grained tomato disease and pest classification. On the relatively controlled
TLD, all models achieve high accuracy, but EATMamba still obtains the best overall perfor-
mance with 96.89% accuracy and 96.26% macro-F1. Compared with Vim-S, EATMamba
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improves accuracy by 0.86 percentage points and macro-F1 by 0.58 percentage points. On
the more challenging TLDD, the performance gap becomes more pronounced because
field images contain stronger background clutter, illumination variation, and symptom
ambiguity. EATMamba achieves 92.87% accuracy and 91.92% macro-F1, outperforming
Vim-S by 1.81 and 1.40 percentage points, respectively. These consistent gains suggest that
evolution-inspired token refinement helps the model better identify disease-relevant cues
under challenging acquisition conditions.

The comparison with different baseline families further explains where the improve-
ment comes from. CNN-based models such as ResNet-50 and EfficientNet-B3 are effective
at capturing local lesion textures, but their limited global-context modeling makes them less
robust when symptoms are scattered or mixed with background clutter. Transformer-based
models such as ViT-B/16 and Swin-T provide stronger global or window-based token inter-
action, but their attention computation becomes less efficient at high resolution, and local
window attention may still miss long-range symptom relationships. ConvNeXt-T achieves
strong performance through modernized convolutional design, yet its feature refinement
remains largely implicit and may not selectively suppress nuisance background tokens.

Compared with Vim-S, EATMamba keeps the efficient long-range modeling advantage
of state-space propagation while adding explicit token-level evidence refinement. Com-
pared with VMamba-T and EfficientVMamba, which mainly improve selective scanning
and computational efficiency, EATMamba further introduces crossover-inspired recombi-
nation and memory-guided soft selection to strengthen sparse disease cues. Compared
with MambaVision-T, EATMamba achieves larger gains on TLDD, suggesting that the
proposed refinement mechanism is particularly useful under in-the-wild conditions where
background noise and symptom ambiguity are more pronounced.

Although the main comparison is reported using dataset-level metrics, the macro-
averaged Precision, Recall, and F1-score provide a class-balanced view of performance
and reduce the dominance of majority classes. This is particularly relevant for visually
similar tomato disease categories, such as Early Blight versus Late Blight and Bacterial Spot
versus Septoria Leaf Spot, which may share necrotic regions, chlorotic halos, small spot-like
lesions, and irregular discoloration. The consistent improvements in macro-Recall and
macro-F1, especially on TLDD, suggest that EATMamba improves recognition behavior
beyond simply increasing overall accuracy. Together with the visualization analysis, these
results indicate that evolution-inspired token refinement helps the model focus more on
disease-relevant regions under fine-grained and noisy conditions.

To reduce the influence of random initialization and data shuffling, all experiments
were repeated with three independent random seeds, and mean ± standard deviation is
reported. The gains of EATMamba are consistent across the two datasets, with a more
pronounced improvement on TLDD than on TLD. Because TLD is relatively controlled
and all strong baselines already achieve high accuracy, the margin on TLD is moderate. In
contrast, the larger gains on TLDD indicate that the proposed refinement mechanism is
more beneficial under in-the-wild acquisition conditions with background clutter, illumi-
nation variation, and symptom ambiguity. Compared with MambaVision-T, EATMamba
achieves higher accuracy (+0.17% on TLD, +0.82% on TLDD) and macro-F1 (+0.04% on TLD,
+0.40% on TLDD), demonstrating competitive performance even against recent hybrid
Mamba–Transformer backbones.

As visualized in Figure 6, EATMamba achieves the highest accuracy and macro-F1 on
both datasets, with more pronounced gains on the in-the-wild TLDD.
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Figure 6. Performance comparison of different models on the TLD and TLDD. EATMamba achieves
the highest accuracy and macro-F1 on both datasets, with more pronounced gains on the in-the-
wild TLDD.

4.4. Efficiency Comparison

In this study, processing time is quantified using per-image inference latency and batch
throughput, computational complexity is quantified using parameter count and FLOPs
together with the asymptotic analysis in Section 3.7, and inference efficiency is further
evaluated using peak GPU memory consumption.

To evaluate the practical efficiency of different models, we conduct a separate efficiency
benchmarking experiment that is independent of the accuracy experiments reported above.
All efficiency metrics (Params, FLOPs, latency, throughput, and inference memory) were
measured at a uniform 224× 224 input resolution on an NVIDIA RTX 4090 GPU with
CUDA 12.1. This standardized resolution was deliberately chosen to ensure fair cross-
model comparison of computational cost, regardless of the resolutions used during training.
The accuracy values reported in the rightmost two columns of Table 6 are the results of
the dataset-specific accuracy experiments reported in Tables 4 and 5; they were not re-
measured at 224× 224. Latency is measured with batch size = 1; throughput is measured
with batch size = 32 to saturate the GPU. FLOPs are computed at 224× 224 following the
fvcore convention.

Table 6. Efficiency comparison of different models. Efficiency metrics (Params, FLOPs, latency,
throughput, and inference memory) were measured at a uniform 224× 224 resolution on an NVIDIA
RTX 4090 GPU with CUDA 12.1. Accuracy values in the rightmost two columns are obtained
from dataset-specific evaluation resolutions (512× 512 for TLD, 256× 256 for TLDD) as reported
in Tables 4 and 5. FLOPs are reported following the fvcore convention (1 fused multiply-add = 1
FLOP). Throughput is measured under standard PyTorch (FP32, no torch.compile or AMP). The
highest accuracy in each dataset is shown in bold.

Method Params (M) FLOPs (G) Latency (ms) Throughput (img/s) Inf. Mem. (GB) TLD Acc (%) TLDD Acc (%)

ResNet-50 25.6 4.1 4.2 550 1.8 94.21 88.23
EfficientNet-B3 12.0 1.2 3.5 680 1.3 94.88 89.42
ViT-B/16 86.6 17.6 12.5 175 3.2 95.62 90.08
Swin-T 28.3 4.5 7.8 390 2.4 96.17 91.14
ConvNeXt-T 28.6 4.5 5.8 420 2.2 96.25 91.28
Vim-S 26.3 4.8 6.5 360 2.2 96.03 91.06
VMamba-T 30.1 5.2 6.2 385 2.3 96.61 91.91
MambaVision-T 35.0 10.7 8.3 340 2.6 96.72 92.05
EfficientVMamba 26.8 4.9 6.0 400 2.2 96.58 91.76
EATMamba (Ours) 33.5 5.8 7.1 310 2.5 96.89 92.87

Latency is the wall-clock time per image measured with batch size 1. Throughput is measured in images per
second with batch size 32. Inference memory denotes peak GPU memory during FP32 inference with batch size
32. FLOPs are measured at 224× 224 using fvcore. Efficiency metrics are measured at 224× 224 on an RTX 4090,
whereas accuracy is reported at the dataset-specific evaluation resolutions.
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As shown in Table 6, EATMamba introduces a moderate computational overhead com-
pared with Vim-S. The parameter count increases from 26.3 M to 33.5 M (+7.2 M, +27.4%),
and FLOPs increase from 4.8 G to 5.8 G (+1.0 G, +20.8%), while the latency increases from
6.5 ms to 7.1 ms per image. Compared with ViT-B/16 and MambaVision-T, EATMamba
achieves higher accuracy with substantially lower computational cost. These results high-
light a favorable accuracy–efficiency trade-off: the proposed evolution-inspired modules
improve classification performance while preserving the efficient sequence modeling ad-
vantage of Vision Mamba. The comprehensive accuracy–cost trade-off of all compared
models is intuitively illustrated in Figure 7.

Regarding resolution-dependent cost, it is important to note that, while FLOPs and
latency in Table 6 are measured at 224× 224 for fair cross-model comparison, ECI contains
an O(M2D) token interaction where M scales with image resolution. At 512× 512 (TLD
training resolution), the token count increases from 197 to 1025, substantially increasing the
ECI overhead. For applications requiring ultra-high-resolution inference, the quadratic ECI
cost may necessitate low-rank or sparse token-recombination approximations. We report
FLOPs at 224× 224 following the standard fvcore convention for cross-model comparison;
actual FLOPs at higher resolutions will differ proportionally to the token-length increase.

Fig. 6. Accuracy--efficiency trade-off comparison.
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Figure 7. Accuracy–efficiency trade-off comparison. Each point denotes one model, where the x-axis
represents computational cost (FLOPs measured at 224× 224) and the y-axis represents classification
accuracy (obtained under dataset-specific evaluation resolutions). EATMamba achieves a favorable
trade-off between recognition performance and computational efficiency.

4.5. Ablation Studies and Analysis

Ablation experiments were conducted on the TLD and TLDD to evaluate the principal
operations summarized in Algorithm 1. The Vim-S baseline represents the forward proce-
dure without ETD refinement; Vim-S + ECI evaluates the crossover-inspired recombination
operation; Vim-S + KGMS evaluates the memory-guided candidate-generation and soft-
selection operation; and the full EATMamba evaluates the complete forward procedure.
Standard deviations are reported over three independent runs.

Tables 7 and 8 report the component-level ablation results on TLD and TLDD,
respectively.

Table 7. Ablation study on the TLD. Mean ± std over three runs. The best result for each metric is
shown in bold.

Configuration Acc (%) Precision (%) Recall (%) F1 (%)

Vim-S (baseline) 96.03± 0.47 95.71± 0.44 95.78± 0.51 95.68± 0.42
Vim-S + ECI 96.42± 0.35 96.08± 0.41 95.92± 0.46 95.98± 0.38
Vim-S + KGMS 96.38± 0.38 95.98± 0.44 96.08± 0.49 96.02± 0.40
EATMamba 96.89± 0.24 96.56± 0.31 96.52± 0.30 96.26± 0.35
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Table 8. Ablation study on the TLDD. Mean ± std over three runs. The best result for each metric is
shown in bold.

Configuration Acc (%) Precision (%) Recall (%) F1 (%)

Vim-S baseline 91.06± 0.49 90.71± 0.55 90.55± 0.62 90.52± 0.50
Vim-S + ECI 91.62± 0.41 91.28± 0.48 91.05± 0.53 91.12± 0.44
Vim-S + KGMS 91.55± 0.44 91.18± 0.50 91.18± 0.56 91.15± 0.47
EATMamba 92.87± 0.38 92.15± 0.52 92.48± 0.48 91.92± 0.51

Tables 7 and 8 report the ablation results on the TLD and TLDD, respectively. Adding
ECI to the Vim-S baseline improves performance by enhancing token-level recombina-
tion, suggesting that globally consistent disease cues can be better consolidated through
crossover-style interaction. Adding KGMS also improves performance, indicating that
memory-guided mutation and soft selection help refine sparse lesion representations. The
full EATMamba achieves the best results on both datasets, demonstrating that ECI and
KGMS provide complementary benefits. The gains are larger on TLDD, which further
confirms that evolution-inspired token refinement is particularly useful under in-the-wild
background variation and domain shift.

Table 9 compares different ETD insertion strategies on TLD.

Table 9. Effect of different ETD insertion strategies on TLD. Mean ± std over three runs. Except for
the No-ETD baseline, all ETD insertion strategies use the same total number of ETD insertions (6),
distributed differently across stages. The best result for each metric is shown in bold.

Insertion Strategy Acc (%) F1 (%)

No ETD (Vim-S baseline) 96.03± 0.47 95.68± 0.42
Shallow stages only 96.16± 0.39 95.99± 0.35
Middle stages only 96.38± 0.33 96.24± 0.31
Deep stages only 96.56± 0.28 96.42± 0.29
All stages uniformly 96.69± 0.30 96.48± 0.27
Proposed stage-wise 96.89± 0.24 96.26± 0.35

Table 9 analyzes the effect of different ETD insertion strategies. Inserting ETD only
in shallow stages provides limited improvement, likely because early layers mainly en-
code low-level textures and excessive recombination may disturb local lesion patterns. In
contrast, deeper insertion yields stronger gains because semantic token representations
are more suitable for token-level recombination and knowledge-guided refinement. The
proposed stage-wise strategy achieves the highest accuracy (96.89%) among all insertion
configurations. A notable accuracy–F1 trade-off emerges: inserting ETD uniformly across
all stages achieves a slightly lower accuracy (96.69%) but a higher macro-F1 (96.48% vs.
96.26%), suggesting that excessive recombination in shallow layers may impair fine-grained
lesion detail preservation yet improve class balance. Although the proposed stage-wise
insertion yields a slightly lower macro-F1 than uniform insertion, it achieves the highest
accuracy. Since accuracy is selected as the primary metric in this classification setting,
we retain the stage-wise allocation while acknowledging this accuracy–F1 trade-off. We
additionally note that concentrating evolutionary refinement in deeper stages aligns bet-
ter with the representational-semantics motivation and controls computational overhead
more effectively.

Table 10 reports the validation-set sensitivity analysis of the memory bank size. Ta-
ble 11 reports the validation-set sensitivity analysis of the ECI temperature.
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Table 10. Validation-set sensitivity analysis of the memory bank size K in KGMS. The ECI temperature
is fixed at τ = 2.0. Results are reported as mean ± std over three independent runs. The best result
for each metric is shown in bold, and the final default setting is marked with †.

Memory Size K Acc (%) F1 (%)

4 96.58± 0.13 96.03± 0.14
8 96.71± 0.09 96.15± 0.12
16 96.84± 0.11 96.18± 0.10
32 † 97.02± 0.06 96.55± 0.10
64 96.74± 0.10 96.22± 0.11

Table 11. Validation-set sensitivity analysis of the temperature τ in ECI. The memory bank size is
fixed at K = 32. Results are reported as mean ± std over three independent runs. The best result for
each metric is shown in bold, and the final default setting is marked with †.

Temperature τ Acc (%) F1 (%)

0.1 96.52± 0.14 96.25± 0.16
0.25 96.68± 0.10 96.48± 0.12
0.5 96.81± 0.12 96.62± 0.09
1.0 96.89± 0.07 96.26± 0.08
2.0 † 97.02± 0.06 96.55± 0.10

Sensitivity analysis discussion. All hyperparameter sensitivity analyses were con-
ducted on the validation set only, while the held-out test set was used exclusively for final
model evaluation. We first analyzed the memory bank size K with the ECI temperature
fixed at τ = 2.0 (Table 10). The results show that K = 32 achieves the best validation
accuracy and macro-F1 among the tested memory sizes, indicating that a moderately sized
memory bank is sufficient to provide useful disease-related prototypes without introducing
unnecessary redundancy.

We then fixed K = 32 and varied the temperature τ to evaluate the sensitivity of ECI
(Table 11). The results show a moderate accuracy–F1 trade-off. Specifically, τ = 2.0 achieves
the highest validation accuracy (97.02%), whereas τ = 0.5 obtains the highest macro-F1
score (96.62%). Compared with the best-F1 configuration (τ = 0.5), τ = 2.0 improves
accuracy by 0.21 percentage points while reducing macro-F1 by only 0.07 percentage points.
Therefore, we retain τ = 2.0 as the final temperature setting because it provides the best
validation accuracy while maintaining a competitive macro-F1 score.

Overall, the performance differences among K ∈ {16, 32, 64} and τ ∈ {0.5, 1.0, 2.0}
are relatively small, suggesting that EATMamba is not highly sensitive to these hyperpa-
rameters within reasonable ranges. The final test-set performance is reported separately in
Tables 4 and 5.

4.6. Cross-Dataset Generalization

Because TLD contains one additional class (Powdery Mildew) that is absent from
TLDD, cross-dataset generalization experiments were conducted on the intersection of the
two label spaces. Specifically, the Powdery Mildew samples in TLD were excluded during
cross-dataset training/testing, resulting in a shared 10-class classification protocol. The
classifier head was reconfigured accordingly for the cross-dataset setting.

To further evaluate robustness under domain shift, we conduct cross-dataset general-
ization experiments. Models are trained on one dataset and directly evaluated on the other
dataset without fine-tuning. This setting is more challenging than the standard within-
dataset split because the source and target domains differ in image resolution, acquisition
environment, background complexity, and illumination conditions [57].
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As shown in Table 12, all models experience substantial performance degradation
under cross-dataset evaluation, confirming the domain shift between controlled and in-the-
wild acquisition conditions, which is a well-documented challenge in agricultural image
analysis [58]. When trained on TLD (512× 512, controlled) and tested on TLDD (256× 256,
in-the-wild), EATMamba achieves 76.63% accuracy and 77.14% F1, outperforming Vim
by 5.68 and 5.54 percentage points, respectively. The reverse direction (TLDD→ TLD) is
more challenging, as the model must generalize from low-resolution in-the-wild images
to high-resolution controlled images with different class distributions [59]; EATMamba
still leads with 75.02% accuracy and 78.34% F1, surpassing Vim by 4.80 and 6.00 points.
Cross-continental crop classification studies have similarly shown the importance of do-
main adaptation strategies for handling distribution shifts across diverse acquisition con-
ditions [60]. These consistent gains suggest that evolution-inspired token refinement
improves the transferability of disease-related representations by suppressing domain-
specific background responses and emphasizing more stable lesion cues that persist across
acquisition conditions [61]. Furthermore, recent studies have shown that deep architectures
may fail to generalize across agricultural domains, highlighting the need for lightweight
alternatives and robust feature learning strategies for hyperspectral and RGB-based crop
monitoring [62].

Table 12. Cross-dataset generalization results on the shared 10-class label space. Models are trained
on one dataset and directly tested on the other without fine-tuning. For evaluations involving TLD,
the Powdery Mildew class is excluded to ensure label-space consistency with TLDD.

Train Set Test Set Method Acc (%) F1 (%)

TLD TLDD Vim 70.95 71.60
TLD TLDD VMamba 73.18 74.37
TLD TLDD EATMamba 76.63 77.14

TLDD TLD Vim 70.22 72.34
TLDD TLD VMamba 72.68 74.90
TLDD TLD EATMamba 75.02 78.34

4.7. Grad-CAM Visualization Analysis

Grad-CAM visualizations are used to qualitatively analyze whether different models
focus on disease-relevant regions. As shown in Figure 8, baseline models sometimes activate
background regions, leaf edges, or non-discriminative textures, especially under cluttered
in-the-wild scenes. In contrast, EATMamba produces more concentrated responses around
lesion spots and disease-relevant leaf regions. This indicates that the proposed evolution-
inspired token refinement modules help suppress irrelevant background responses and
enhance disease-discriminative visual evidence. The visualization results are consistent
with the quantitative improvements on TLDD, where background variation and domain
shift are more pronounced.

From an agronomic perspective, the highlighted regions correspond to important
visual symptoms used in tomato disease diagnosis. For Early Blight, the activated areas
mainly cover necrotic lesions and concentric-ring patterns. For Late Blight, the responses
are associated with irregular water-soaked and expanding necrotic regions. For Bacterial
Spot and Septoria Leaf Spot, the model focuses more on small spot-like lesions, dark
margins, and surrounding chlorotic halos.

These observations indicate that EATMamba does not merely improve classification
accuracy, but also enhances attention toward biologically meaningful symptom regions.
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Figure 8. Grad-CAM visualization comparison among Vim, VMamba, and EATMamba. EATMamba
focuses more consistently on disease lesions and pest-damaged regions, while baseline models may
attend to background clutter or non-discriminative leaf areas.

Figure 9 presents the confusion matrices of EATMamba. Most categories are correctly
classified with high diagonal responses. The remaining errors mainly occur between
visually similar diseases, such as early blight and late blight, or bacterial spot and septoria
leaf spot. These confusion patterns identify the main remaining errors of EATMamba and
are consistent with the subtle inter-class differences in lesion shape, color, and texture.
Together with the per-class F1 comparison in Table 13, where EATMamba achieves higher
F1-scores than Vim-S and VMamba-T on visually ambiguous categories, the results suggest
improved fine-grained feature discrimination.

(a) TLDD Dataset (10 classes)

LB He EB Se TY BS TS Mo LM SM

LB 92.0 0.2 5.7 0.6 0.4 0.1 0.1 0.1 0.5 0.3

He 0.6 93.6 0.4 0.8 0.2 0.2 0.3 0.8 1.8 1.3

EB 2.4 0.1 90.7 1.2 0.6 0.1 1.6 0.1 2.7 0.5

Se 1.0 3.0 0.1 91.9 0.1 0.4 0.3 0.8 0.5 1.9

TY 0.1 1.1 0.7 0.8 93.6 1.0 0.1 1.0 0.2 1.4

BS 0.1 0.4 0.7 2.2 0.7 94.9 0.5 0.2 0.2 0.1

TS 0.1 0.2 0.7 0.3 2.8 1.5 90.2 0.8 1.9 1.5

Mo 1.3 1.6 0.1 0.5 1.5 0.4 0.1 92.4 0.3 1.8

LM 0.4 0.2 1.1 1.1 0.2 0.3 3.0 0.3 93.1 0.3

SM 0.6 3.3 0.1 1.5 0.2 0.2 0.1 0.9 0.8 92.3

(b) TLD Dataset (11 classes)

BS EB LB LM Se SM TS TY Mo He PM

BS 97.4 0.1 0.4 0.1 0.1 0.3 0.4 0.3 0.2 0.1 0.6

EB 0.1 96.7 1.4 0.1 0.4 0.3 0.3 0.2 0.3 0.1 0.1

LB 0.4 0.3 98.0 0.2 0.1 0.2 0.1 0.3 0.1 0.1 0.2

LM 0.1 0.1 0.4 97.3 0.2 0.6 0.1 0.2 0.6 0.3 0.1

Se 0.6 0.7 0.3 0.1 97.5 0.1 0.1 0.2 0.1 0.1 0.2

SM 0.1 0.3 0.2 0.2 0.3 95.4 0.4 0.7 0.5 0.1 1.8

TS 0.4 0.2 1.0 0.1 0.1 0.3 95.5 1.3 0.6 0.4 0.1

TY 0.7 0.1 0.4 0.5 0.1 0.3 0.9 95.9 0.7 0.3 0.1

Mo 0.5 0.1 0.3 0.7 0.1 0.1 0.3 0.1 96.1 0.6 1.1

He 0.4 0.1 0.2 0.1 0.1 0.5 0.3 0.1 0.1 97.9 0.2

PM 1.8 0.6 0.4 0.1 0.1 0.8 0.1 0.7 0.1 1.3 94.0

0 50 100

Recall / Percentage (%)

TLDD: LB=Late Blight, He=Healthy, EB=Early Blight, Se=Septoria, TY=TYLCV, BS=Bacterial Spot, 

TS=Target Spot, Mo=Mosaic, LM=Leaf Mold, SM=Spider Mites

TLD: BS=Bacterial Spot, EB=Early Blight, LB=Late Blight, LM=Leaf Mold, Se=Septoria, 

SM=Spider Mites, TS=Target Spot, TY=TYLCV, Mo=Mosaic, He=Healthy, PM=Powdery Mildew

Figure 9. Row-normalized confusion matrices of EATMamba on the TLDD and TLD test sets.
Values are reported as percentages and averaged over three independent runs. Diagonal entries
indicate per-class recall; the unweighted diagonal mean corresponds to macro-Recall. Overall
accuracy is computed from raw sample-level predictions in Tables 4 and 5, and may differ from the
unweighted diagonal mean due to class imbalance and averaging across seeds. Darker colors indicate
higher values.
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Table 13. Per-class F1-score comparison on TLDD. Values are averaged over three independent runs
using the same held-out test split as Table 5. The macro-average row is shown in bold.

Class Vim-S VMamba-T EATMamba

Late Blight 90.70 91.20 91.47
Healthy 91.90 92.20 93.05
Early Blight 88.40 89.30 90.18
Septoria Leaf Spot 89.90 90.80 91.38
Tomato Yellow Leaf Curl Virus 91.70 92.20 93.02
Bacterial Spot 90.50 93.20 94.31
Target Spot 88.50 88.90 89.65
Tomato Mosaic Virus 90.30 91.10 91.85
Leaf Mold 92.20 92.55 92.58
Spider Mites 91.10 91.35 91.73

Macro-Average 90.52 91.28 91.92

Table 13 provides a class-level comparison on TLDD. The results are reported at the
class level to show that overall accuracy alone may hide important differences among
disease categories. Healthy, Tomato Yellow Leaf Curl Virus, Leaf Mold, and Bacterial Spot
obtain relatively higher F1-scores because their visual patterns are more distinctive or are
better captured by the learned representations. In contrast, Early Blight, Septoria Leaf
Spot, and Target Spot remain more difficult to distinguish because they often share small
necrotic lesions, chlorotic halos, and irregular spot boundaries. Compared with Vim-S
and VMamba-T, EATMamba achieves consistent improvements across all categories, with
particularly notable gains on visually ambiguous or small-lesion classes such as Early
Blight, Septoria Leaf Spot, Bacterial Spot, Target Spot, and Tomato Mosaic Virus. This
indicates that adaptive token refinement provides greater benefit when discriminative
symptoms are sparse, subtle, and easily confused with background textures.

The per-class F1 values in Table 13 are averaged over three independent runs using the
same TLDD test split as Table 5. The macro-average values are computed as the unweighted
mean of the ten per-class F1 scores and are therefore consistent with the macro-F1 results
reported in Table 5: 90.52% for Vim-S, 91.28% for VMamba-T, and 91.92% for EATMamba.
Minor differences may only arise from rounding to two decimal places.

4.8. Feature Distribution Visualization

To further examine the discriminative ability of learned representations, we visualize
the final class-token features using t-SNE [63]. This visualization is intended to compare
the class separability and intra-class compactness of representations learned by different
models. As shown in Figure 10, Vim-S and VMamba-T produce partially overlapped
clusters for visually similar disease categories, whereas EATMamba yields more compact
intra-class distributions and clearer inter-class separation. This observation suggests that
evolution-inspired token refinement improves feature discriminability for fine-grained
tomato disease recognition.
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Fig. 9. t-SNE visualization of learned class-token features on the TLDD test set.
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Figure 10. t-SNE visualization of final class-token embeddings on the TLDD test set. The visualization
is used only for post-hoc qualitative analysis and is not involved in model training or quantitative
evaluation. Each point denotes one test image, and colors denote different disease or pest categories.
The three subplots correspond to (a) EATMamba, (b) VMamba-T, and (c) Vim-S. The axes t-SNE-1
and t-SNE-2 denote the two-dimensional nonlinear projection space and have no physical meaning.
Class abbreviations: LB = Late Blight, He = Healthy, EB = Early Blight, Se = Septoria Leaf Spot,
TY = Tomato Yellow Leaf Curl Virus, BS = Bacterial Spot, TS = Target Spot, Mo = Tomato Mosaic
Virus, LM = Leaf Mold, and SM = Spider Mites.

5. Discussion
5.1. Why Evolution-Inspired Token Refinement Helps

The experimental results demonstrate that EATMamba consistently improves over the
Vim-S backbone and other representative baselines. The improvement can be attributed
to the complementary roles of ECI and KGMS. ECI performs token-level recombination,
allowing spatially separated but semantically related disease cues to interact and reinforce
each other. This is important for tomato leaves, where symptoms may appear as multiple
scattered spots or irregular lesion regions. KGMS further introduces memory-guided
candidate generation and differentiable soft selection, enabling the model to generate
candidate refinements and selectively preserve useful changes.

These results suggest that the benefit of EATMamba does not only come from using a
stronger backbone, but also from explicitly refining token-level evidence under noisy acqui-
sition conditions. In RGB leaf images, disease-relevant regions are often sparse, weak, or
partially corrupted by background clutter. The generate–recombine–select style refinement
provides an inductive bias for strengthening discriminative tokens while suppressing nui-
sance responses. The ablation results confirm that both modules contribute to performance
gains, while their combination produces the best results.
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5.2. Relation to Attention, Gating, and Memory Mechanisms

It is natural to ask whether ECI and KGMS provide benefits beyond conventional
attention, gating, or memory-based refinement. ECI shares a soft affinity computation
with self-attention, since both compute projected queries and keys and derive token-
wise weights. However, the functional interpretation differs. Standard self-attention
directly aggregates contextual information for each token, whereas ECI formulates the
affinity matrix as a crossover-inspired recombination distribution and fuses the original
and recombined token representations.

KGMS is also related to memory retrieval and gating mechanisms. The memory bank
provides prototype guidance, but KGMS does not directly replace tokens with retrieved
memory features. Instead, the retrieved representation is used to guide mutation-inspired
candidate generation, and a soft selection gate adaptively fuses the original and candi-
date representations. Therefore, KGMS can be viewed as a memory-guided candidate-
generation and soft-selection module rather than a direct memory retrieval block.

The proposed modules are fully differentiable and optimized by standard backprop-
agation. They do not perform population-level stochastic search, non-gradient-based
fitness evaluation, or discrete evolutionary selection. Thus, the contribution of EATMamba
should be interpreted as an evolution-inspired neural refinement design, not as a classical
evolutionary algorithm. More strictly matched comparisons with equally parameterized at-
tention, gating, and memory-only variants would further clarify the source of improvement,
and we leave such controlled architectural studies to future work.

5.3. Practical Necessity Under Visible-Symptom Conditions

This study focuses on RGB-based visible-symptom disease and pest classification
rather than pre-symptomatic disease detection. The presence of visible symptoms, however,
does not mean that accurate diagnosis is straightforward. Non-expert observers may notice
that a leaf is abnormal, but fine-grained identification of the specific disease or pest remains
challenging when different categories share similar visual cues. For example, Early Blight
and Late Blight may both show necrotic regions and irregular discoloration, while Bacterial
Spot and Septoria Leaf Spot may both present small spot-like lesions and chlorotic halos.

Therefore, the practical value of EATMamba lies not in simply detecting whether
a leaf is diseased, but in providing scalable, consistent, and fine-grained classification
under field conditions. Such a model can support non-expert farmers, reduce subjective
manual diagnosis, and enable large-scale monitoring where continuous expert inspection
is impractical.

5.4. Robustness Under Complex Acquisition Conditions

The performance gain of EATMamba is more pronounced on TLDD than on TLD,
indicating that the proposed method is particularly effective under uncontrolled farm
conditions. TLDD contains stronger illumination variation, background clutter, viewpoint
changes, and scale differences. Under such conditions, disease-related tokens may be
weakened by noisy background responses. ECI helps consolidate globally consistent
symptom cues, while KGMS adaptively selects memory-guided refinements that are more
likely to correspond to disease-relevant evidence. The Grad-CAM visualizations further
support this interpretation, showing that EATMamba attends more consistently to lesion
and pest regions rather than background textures. Therefore, the proposed evolution-
inspired token refinement strategy improves not only classification accuracy but also
localization behavior and robustness under domain shift.
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5.5. Efficiency and Practical Implications

EATMamba introduces additional token refinement operations on top of the Vim-S
backbone. It is important to note that, while the Vim-S backbone itself processes tokens with
linear complexity in sequence length, the ECI module introduces a quadratic O(M2D) term
within each inserted ETD block. The proposed framework controls this overhead through
three mechanisms: (i) sparse stage-wise insertion, with more ETD operations placed in
deeper stages; (ii) a reduced projection dimension (d = 64) that lowers the constant factor
in the quadratic term; and (iii) a small number of total ETD insertions (Ks = [1, 1, 2, 2]
across four stages). This design does not preserve the asymptotic linear complexity of the
backbone, but it keeps the practical overhead moderate: the parameter count increases by
27.4% and FLOPs (measured at 224× 224) increase by 20.8% relative to Vim-S. We report
FLOPs at 224× 224 following the standard fvcore convention for cross-model comparison;
readers should note that actual FLOPs at higher resolutions (e.g., 512× 512 used for TLD
training) will differ. The efficiency comparison shows that EATMamba achieves a favorable
accuracy–efficiency trade-off compared with Transformer-based baselines, though for ultra-
high-resolution deployment, the quadratic ECI cost may require further mitigation through
low-rank or sparse token-recombination approximations.

5.6. RGB-Only Imaging and Hyperspectral Extension

A limitation of this study is that it only considers RGB images. Hyperspectral and
multispectral imaging can capture physiological and biochemical changes before visible
symptoms appear, and may therefore be more suitable for pre-symptomatic or early-stage
disease detection. However, such sensors are more expensive, require more complex
acquisition and calibration procedures, and are less accessible for low-cost mobile or farm-
scale deployment.

The goal of this work is therefore different: we focus on practical RGB-based visible-
symptom classification using low-cost imaging devices. This setting is more compatible
with scalable field monitoring, but it also limits the ability of the model to detect dis-
eases before visible symptoms emerge. Future work will investigate whether the pro-
posed evolution-inspired token refinement mechanism can be extended to multispectral or
hyperspectral data.

5.7. Limitations and Future Work

Despite its effectiveness, EATMamba still has several limitations that should be con-
sidered when interpreting the results. A formal convergence or stability proof for the full
nonlinear network is beyond the scope of this study, but the row-stochastic recombination
distribution, residual fusion, and bounded soft selection provide an interpretable and con-
trolled formulation. First, the ECI module introduces quadratic O(M2D) token interaction
within each inserted ETD block, which means the overall framework does not retain the
asymptotic linear complexity of the Vim-S backbone. Although the overhead is controlled
by sparse stage-wise insertion and reduced projection dimension, future work may explore
low-rank, sparse, or local–global token-recombination distributions to further improve
scalability for ultra-high-resolution agricultural images. Second, the current study focuses
on image-level classification and does not explicitly localize disease regions with pixel-level
annotations. Incorporating weakly supervised localization or segmentation supervision
may further improve interpretability and practical diagnosis [64]. Third, although two
complementary tomato datasets are used, broader validation across different crops, sen-
sors, seasons, and geographic regions is still needed to evaluate real-world generalization.
Additionally, the class imbalance present in both datasets may affect model performance,
and future work should investigate more specialized imbalanced learning strategies [65].
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Finally, future work will investigate lightweight deployment on mobile and edge devices
for real-time crop disease monitoring in resource-constrained agricultural environments.

6. Conclusions
In this paper, we proposed EATMamba, an effective evolution-inspired Vision Mamba

framework for tomato leaf disease and pest classification. The proposed model is formu-
lated as a differentiable token-refinement framework that combines efficient long-range
modeling from state-space vision backbones with explicit token-level evidence refinement.
By integrating the Evolutionary Crossover–Interaction module and the Knowledge-Guided
Mutation–Selection module, EATMamba performs crossover-inspired token recombina-
tion, memory-guided candidate generation, and soft selection to enhance disease-relevant
cues while suppressing background distractions. Experiments on the high-resolution TLD
and the in-the-wild TLDD show that EATMamba achieves 96.89% and 92.87% accuracy,
respectively, outperforming representative CNN-, Transformer-, and SSM-based baselines,
including ConvNeXt, MambaVision, and EfficientVMamba. Ablation studies verify the
complementary contributions of ECI and KGMS, while visualization analyses show that
the proposed method focuses more consistently on disease and pest regions. These re-
sults demonstrate the potential of evolution-inspired differentiable token refinement for
robust agricultural image recognition. Future work will explore multispectral and hyper-
spectral extensions, broader cross-region and cross-environment validation, more efficient
token-recombination strategies, lightweight deployment on mobile and edge devices, and
additional expert-validated datasets for real-world crop disease monitoring.
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