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A Multi-Modal Generative Model for Tomato Disease Leaves Understanding

Khang Nguyen Quoc, Minh-Phuoc Tran, Gia-Han Truong, Luyl-Da Quach

Overview of the SOLAR framework for tomato leaf disease diagnosis via Visual Question
Answering (VQA). The architecture comprises two input modalities: a Vision branch, in which input
leaf images are processed through a Vision Encoder and subsequently refined by an Expert Fusion module
consisting of a Router, multiple specialized Experts, and a Projector that maps visual features into the
language embedding space; and a Language branch, in which natural language queries are tokenized and
encoded as text embeddings. Both modalities are jointly processed by LLM to produce responses across three
hierarchical diagnostic levels–Basic Perception, Pathology Understanding, and Disease Diagnosis—enabling
structured, coarse-to-fine disease recognition across six VQA task types.

ar
X

iv
:2

60
9.

19
55

5v
1 

 [
cs

.C
V

] 
 1

7 
S

ep
 2

02
6

https://arxiv.org/abs/2609.19555v1


Highlights
A Multi-Modal Generative Model for Tomato Disease Leaves Understanding

Khang Nguyen Quoc, Minh-Phuoc Tran, Gia-Han Truong, Luyl-Da Quach

• This study is the first to reformulate the tomato image classification problem as a
generative task, specifically, Visual Question Answering.

• We propose SOLAR, a generative multimodal model for understanding tomato disease
that mimics an agricultural expert’s diagnostic workflow across multiple VQA tasks.

• We propose an Expert Fusion module to improve alignment between the visual feature
space and multiple question embeddings.

• We evaluate SOLAR on a combined set of four distinct tomato disease datasets, which
we formulate into six diagnostic tasks.

• Our model achieves state-of-the-art (SOTA) performance across all benchmarks, outper-
forming existing SOTA vision, vision-language, general, and domain-specific foundation
models.
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Abstract

Artificial intelligence for plant disease analysis has advanced from task-specific classifiers to
multi-modal models capable of jointly interpreting visual and textual information. However,
practical deployment in precision agriculture remains limited because most existing approaches
treat disease understanding as isolated prediction tasks, failing to capture the complementary
relationships among symptom recognition, severity assessment, and question-driven diagnostic
reasoning. In tomato pathology, accurate interpretation of diseased leaves requires more than
label prediction; it demands integrating visual symptoms with semantic context to support
a comprehensive and explainable understanding. Here, we present SOLAR, a multimodal
generative model that understands tomato disease spanning six question-answering tasks.
SOLAR learns to align visual features with task-aware language representations by Fusion
Expert module based on mixture-of-expert, enabling it to generate contextually relevant
answers across diverse diagnostic tasks. By formulating tomato disease analysis as a generative
Visual Question Answering (VQA) task, SOLAR provides a flexible framework that supports
multi-task inference within a single model while improving performance and cross-task
knowledge sharing. We evaluate SOLAR on 41, 677 images, including 216, 209 Question-
Answering (QA) pairs to understand tomato leaf disease under both closed and open-ended
QA settings. Experimental results show that SOLAR consistently outperforms state-of-the-art
vision-only, vision-language, and task-specific models across all tasks, demonstrating superior
accuracy, robustness, and multimodal reasoning. These findings highlight the potential of
generative multimodal modeling as an effective direction for understanding of plant disease.
The code for this study is available at https://github.com/EnalisUs/SOLAR.

Keywords: Visual Question Answering, Multi-modal models, Tomato Disease,
Vision-language model, large language models

1. Introduction

According to statistics from the European Commission, tomato production reached over
8.2 million tons (2025). However, it showed a downward trend from 2024 (over 8.6 million
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tons), indicating that tomatoes are among the most important crops globally [1]. This
production tends to decrease due to strong seasonal and disease-related influences. To tackle
this problem, many studies have focused on applying artificial intelligence (AI) and advances
in deep learning (DL) to classify and name diseases, but have not yet optimized feature
classification and the embedding space of large language models (LLMs) [2, 3]. Therefore, in
this problem, the research focuses on purely visual image classification in the form of VQA,
with specific tasks, to serve as a foundation for subsequent studies that build datasets and
models for each specific disease.

In AI applications for smart agriculture, research often focuses solely on disease iden-
tification, severity assessment, and symptom localization as separate tasks. In the disease
identification task, research surveys leaf image classification approaches that leverage single-
leaf characteristics using traditional machine learning and DL models. However, these can
only answer "what disease is this leaf?" and fail to generalize to unseen content [4]. Meanwhile,
disease detection approaches also identify diseased areas using bounding boxes with Faster
R-CNN [5], YOLO [6], and related models. While development has shifted from two-stage
to single-stage models, blurred and irregular symptom borders affect severity assessment
and make it difficult to identify small lesions, such as early-stage spots [7]. Furthermore,
semantic or instance segmentation techniques for symptom localization, severity measurement,
and disease monitoring are expensive, require expert support, and do not provide sufficient
information for disease identification [8]. These challenges make it difficult to detect early
abnormal symptoms in plants, compounded by semantic correlations between images and
disease symptoms in the complex environment of smart agriculture and the level of farmers’
understanding.

The problem of disease detection in tomato plants is no exception to this trend; currently,
the focus is only on detecting, classifying, and isolating diseases, and there are common
limitations in smart agriculture. Research focuses on detecting and recognizing small objects
in complex real-world environments by moving from feature engineering to semantic represen-
tation to identify meaningful regions, making it easier to access new data in these scenarios,
but it does not yet understand the causal relationships and disease progression [9]. Research
using prescription data combined with stacking ensemble learning and an image semantics
approach differs in that it shifts from pixel-level to context-level semantics, which is less
dependent on images, but it does not directly address the full semantic understanding problem
in computer vision, as it does not truly address the problem when combining multimodal
fusion [3]. The research shows improvements in data enhancement and optimization for
disease, pest, and weed detection, with the potential to enhance the semantic representation of
small, obscured objects by leveraging attention to increase semantic focus in YOLO. However,
it does not yet understand the depth level [10]. This indicates that traditional classifier
models act like a “black box,” only providing labels without explaining why, making it difficult
for agricultural experts to trust them.

To address the limitations identified in previous studies, we introduce SOLAR, a generative
multimodal model. SOLAR innovates by framing the problem as a VQA task informed by the
diagnostic process of task-specific agricultural experts, and implemented across six integrated
diagnosis tasks. At the same time, SOLAR improves the semantic relationship between
images and text through proposed modules and evaluations based on different datasets.

The main contributions of this work are summarized as follows:
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• This study is the first to reformulate the tomato image classification problem as a
generative task, specifically, Visual Question Answering.

• We propose SOLAR, a generative multimodal model for understanding tomato disease,
capable of mimicking an agricultural expert’s diagnostic workflow across multiple VQA
tasks.

• We propose an Expert Fusion module to improve alignment between the visual feature
space and multiple question embeddings.

• We evaluate SOLAR on a combined set of five distinct tomato disease datasets, which
we formulate into six diagnostic tasks.

• Our model achieves SOTA performance across all benchmarks, outperforming existing
SOTA vision, vision-language, general, and domain-specific foundation models.

2. Related Work

2.1. Deep Learning in Plant Disease Diagnosis
The DL method based on Convolutional Neural Networks (CNNs) and Vision Transformers

has made progress in classifying various plant disease characteristics. In particular, the use
of basic DL models such as ResNet and EfficientNet, along with advances in parameter
optimization and adjustment, has achieved high accuracy in identifying and classifying leaf
diseases in maize, rice, wheat, and mango, with accuracies exceeding 90%. However, it focuses
only on classification and lacks explanatory indices for the results [11, 12, 13]. To improve
model accuracy, many studies have combined advances in DL, such as transformer-based
architectures and attention mechanisms, into YOLOv4 to delineate disease regions on leaf
backgrounds and in the medium [9, 10]. In other studies, utilizing the advancements of LLM
models has made certain progress in interpreting results through visualizing features with
color (Grab-CAM, Ablation-CAM), or using text to clarify features, as studies conducted on
corn, tomatoes, and mangoes have achieved positive results, as it evaluates the relationship
between features related to disease characteristics, physiology and contributes to expressing
semantic information at the expert level but has not yet expressed the features or simulated
the expert’s diagnostic process [14, 15, 16]. These issues challenge the ability to leverage
advances in computer vision and natural language processing models to interpret and infer,
thereby providing an expert perspective rather than analyzing images pixel-by-pixel or simply
reading plain text.

2.2. Vision-Language Models in Agriculture
Addressing the limitations of traditional image classification, the VLM model is pro-

posed to shift data from "image-only" to "image-contextual text" in agriculture. Various
approaches are employed to enhance the effectiveness of Vision-Language Models (VLMs)
using generative adversarial networks (GANs). In the applied approach, research focuses on
proposing a pragmatic framework and exploring statistical language models, neural network
models, and big language models, intending to integrate agricultural knowledge into VLMs
using approaches such as instruction tuning, in-context learning, and generative retrieval
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architectures. However, these approaches also face difficulties in terminology and informa-
tion discrepancies, such as distribution shift [17, 18]. Another approach involves building
high-complexity standard datasets to test, evaluate, and identify the limits of existing VLMs
across various tasks, such as AgroCoT (5 tasks) and AgEval (12 tasks), to assess in-context
learning capabilities. However, these models are limited in accuracy, as evidenced by their
complete reliance on GANs such as GPT, Gemini, and LlaVA, where performance decreases
significantly when encountering types less common in the general dataset (AgEval) or when
generating redundant text (AgroCoT) [19, 20, 21]. A completely different approach, studies
propose new models capable of generating in-depth VLMs for agriculture based on different
approaches (based on LLaVA/Mipha to combine with SigLIP/CLIP ViT with LLM or based
on contrastive learning to combine image and text encoders into a common embedding
space), which creates effective plant disease identification models in various scenarios, but is
limited in its ability to infer open conversational patterns and suffers from logical errors when
relying on GAN models [22, 23]. Overall, research studies have shown a shift away from rigid
classification labels toward detailed symptom analysis, data smoothing, expert support, and
step-by-step explanations. However, this also presents challenges due to the need for expert
knowledge, which can be overcome by adopting the flexible, natural-language-based approach
of generative VQA.

2.3. Generative VQA with interpretive capabilities
The VQA model is an artificial intelligence system that takes images and natural-language

questions as input, then provides accurate answers through three structured stages: a vision
encoder, a language encoder, and a fusion & decoder. This helps to answer specific, clear
questions, demonstrating true semantic and visual inference capabilities [24]. In the traditional
VQA approach, the method involves selecting answers from a fixed list of labels or filling in
the blanks through knowledge processing by directly embedding into network layers, such
as co-attention and multimodal tucker fusion with free responses [25], combining CNN with
transformer models to extract pathological image features and link information with questions
from farmers [26], and combining VQA with federated learning models to update weights
with recognition questions [27]. Its advantage is its ease of implementation on edge devices,
but it cannot answer questions outside the predefined set of labels.

In particular, VQA relies on a large-scale/dialogue model to facilitate free-text generation,
answer open-ended questions, and provide highly detailed technical solutions through LLM
reasoning, such as mapping 5 core information aspects to 5 core information aspects, but
it fails to overcome complex situational reasoning questions [21, 28]. PlantVillageVQA
applies a language reconstruction system and diverse natural-language questions with expert
review, but it faces significant accuracy challenges when real-world images have complex
backgrounds [29]. Research using authentic grower dialogues, through tests and open-ended
questions, helps capture farmers’ writing styles and the real-world issues they care about [30].
Research using contrastive learning combined with lesion-aware learning and LLM models to
conclude is limited to the sketch level[31]. However, these models suffer from technical and
computationally expensive hallucinations.

Overall, research shows that the VQA approach overcomes one-hot labels (e.g., forcing the
model to respond as “disease” or “healthy”) by consolidating tasks through prompt changes,
but still relies on question-embedding sensitivity and true interpretability. Hence, our study
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developed an expert fusion module to align the space and act as an expert to analyze the
data and apply true pathology logic.

3. Method

3.1. Task Formulation
To transcend the limitations of conventional single-label image classification, this study

reformulates tomato leaf disease recognition as a structured VQA problem organized around a
coarse-to-fine diagnostic reasoning hierarchy. Formally, given an input image I and a natural
language question Q, the model F is trained to generate a textual answer A = f(I,Q),
where f denotes the vision-language model. Under this formulation, we define six VQA
tasks grouped into three progressive levels of diagnostic reasoning, encompassing basic visual
perception, pathology understanding, and disease diagnosis, following:

• Level I: Basic Perception. The first group establishes foundational visual awareness
prior to any disease-level reasoning. Leaf Count (LC) tasks require the model to identify
and enumerate the leaves present in a given image, probing spatial and object-level
perceptual capability. Healthy or Disease Classification (HDC) tasks subsequently
demand a coarse binary judgment of whether the observed leaf is healthy or exhibiting
visible signs of pathological change, serving as an initial diagnostic screening gate.

• Level II: Pathology Understanding. Building upon perceptual foundations, the
second group introduces a higher degree of biologically grounded reasoning. Pathogen
Classification (PC) tasks require the model to infer the nature of the causative agent—
distinguishing among fungal, bacterial, and viral origins—based solely on observable
visual evidence. Symptom Identification (SI) tasks further demand that the model rec-
ognize and articulate specific visible disease manifestations, including lesions, chlorosis,
necrosis, and irregular spotting patterns, thereby grounding its responses in directly
observable leaf morphology.

• Level III: Disease Diagnosis. The third group demands precise, clinically meaningful
outputs that reflect deep domain knowledge. Disease Classification (DC) tasks require
the model to assign the correct disease label from among 15 predefined tomato disease
categories, necessitating fine-grained visual discrimination. Scientific Name Classi-
fication (SNC) tasks present the most demanding challenge, requiring the model to
identify the scientific nomenclature of the diagnosed condition—a degree of pathological
specificity that extends well beyond colloquial naming conventions.

Collectively, these three hierarchical levels constitute a coherent diagnostic reasoning pipeline
that progresses systematically from low-level visual perception, through biological pathology
interpretation, to high-precision disease identification, mirroring the reasoning process of
domain experts in plant pathology.
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3.2. SOLAR Architecture
SOLAR is a multimodal generative model designed to emulate the diagnostic reasoning

workflow of an agricultural expert in the context of tomato leaf disease understanding. Given
a leaf image as input, SOLAR first encodes the visual content into a rich set of feature
representations that capture the biological characteristics of the observed leaf. A structured
two-stage reasoning pipeline then processes these features to produce accurate, contextually
grounded responses. In the first stage, expert-aware visual encoding, the extracted visual
features are refined by a Mixture-of-Experts (MoE) [32] module that selectively activates
relevant feature pathways conditioned on the input question. This mechanism allows the
model to adaptively emphasize diagnostically relevant visual regions, such as lesion patterns,
discoloration, or necrotic spots, depending on the nature of the query. The filtered visual
features are subsequently fused with the question embedding to form robust multimodal
representations, jointly conditioned on both the visual input and the question’s linguistic
context. In the second stage, answer generation, a large language model (LLM) receives the
question embedding alongside the expert-aware visual features to generate a free-form textual
response tailored to the current task. This design enables SOLAR to flexibly handle the full
spectrum of diagnostic queries across the defined coarse-to-fine task hierarchy, from basic leaf
perception to detailed pathological diagnosis. By aggregating evidence across all reasoning
stages, SOLAR produces a comprehensive and interpretable understanding of tomato leaf
disease, bridging the gap between visual observation and expert-level diagnostic judgment.

The framework consists of three primary components: 1) an image encoder fimg, 2) an
Expert Fusion module E , and 3) a LLM decoder T . The overall architecture is illustrated in
Figure 1.

Given a image I, we extract visual embedding V by the visual encoder fimg, where
V ∈ RD. We utilize SCOLD [23], a vision-language foundation model pretrained on over
157K plant image-caption pairs, as the visual encoder. Since the dimension of the image
encoder is different from the text embeddings, we use a projection layer to map P into the
same space as the embeddings V = P(V).

The question-aware Expert Fusion adapter E bridges the visual embedding space and
the LLM embedding space. Unlike traditional static projectors (e.g., LLaVA-OV [33]),
which directly map visual embedding to LLM space, E explicitly incorporates the question
embedding Q as an expert filter, obtained by encoding the question with a text encoder, to
produce task-relevant experts. To obtain Q, we leverage LFM-VL 2.5 [34], a model designed
for on-device deployment. It builds on the LFM2 architecture with extended pre-training and
reinforcement learning. Building on this encoder-decoder model, we ensure that the semantic
feature space of the encoded question is well-designed for the generative space.

With the features extracted from the question and the image, the Expert Adapter module
E first refines the visual features via a Sparse-MoE to filter the important information relevant
to each specific question.A remarkable aspect of our model is that the gating network takes
the question Q as input to determine which experts to activate. Consequently, the same
image paired with different questions will trigger different experts, it make visual features for
each question type.
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Figure 1: Overview of the SOLAR framework for tomato leaf disease diagnosis via VQA. The
architecture comprises two input modalities: a Vision branch, in which input leaf images are processed
through a Vision Encoder and subsequently refined by an Expert Fusion module consisting of a Router,
multiple specialized Experts, and a Projector that maps visual features into the language embedding space;
and a Language branch, in which natural language queries are tokenized and encoded as text embeddings.
Both modalities are jointly processed by LLM to produce responses across three hierarchical diagnostic
levels–Basic Perception, Pathology Understanding, and Disease Diagnosis–enabling structured, coarse-to-fine
disease recognition across six VQA task types.

Ve = V +
N∑
i=1

Ri(Q) · Ei(V) (1)

With N is the number of experts, Ei denotes the i-th expert layer, and Ri is the i-th routing
weight computed from the question Q from the gating network. Specifically, only the K
experts with the highest routing weights are evaluated.

Subsequently, the expert-aware feature fuses with the question feature to compute the
final visual token with flexibility for each question.

xv = Dropout
(
GELU

(
LayerNorm(Wf · [Q||Ve])

))
(2)

Where [·||·] represents the concatenation operation and Wf are learnable projection weights.
The LLM decoder, denoted T , executes the VQA task by formulating diagnostic responses

in natural language. In contrast to conventional classification models that only predict classes,
T accepts the specific visual token Xv alongside the question tokens Xq. After concatenating
these inputs, it generates the response autoregressively, predicting each subsequent token
conditioned on both the visual features and the textual context.
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3.3. Question-Answer Dataset Construction
We develop the dataset in a question–answer prompt format, where each image is paired

with a corresponding question and answer. For each type of disease, a sample consists of
a leaf image, a diagnostic question, and its associated ground-truth label. These pairs are
represented as (XQ,i, XA,i)

N
i=1 where XQ,i denotes the input question related to the image, and

XA,i denotes the corresponding ground-truth output. This formulation enables the model to
learn task-specific diagnostic knowledge, focus on visual information related to the question,
follow a fixed output format, and generate correct labels.

We construct the input sequence by concatenating the question XQ, the string “ Answer: ”,
and the ground-truth answer XA to make a unified prompt:

Xp = XQ + “ Answer: ” +XA (3)

3.4. SOLAR Training and Inference
The full SOLAR training target is presented below:

L = LTASK + λ1LAUX + λ2LDIV (4)

where LTASK is the loss of autoregressive language modeling, LAUX is the loss of load balance
that regularizes expert utilization, and LDIV is the loss of expert diversity that encourages
specialized representations. λ1 and λ2 denote weighting coefficients.

The primary loss LTASK maximizes the probability of the target answer XA consisting of
M tokens conditioned on the input prompt Xp, which is given by:

LTASK = −
M∑
i=1

log pθ(xi | Xp, x<i) (5)

where, θ denotes the trainable parameters, xi is the token at position i in the answer, and
x<i refers to all tokens that appear before position i.

In the Mixture-of-Experts architecture, a common issue is expert collapse, where the gating
network repeatedly routes most inputs to only a few experts, while the remaining experts are
barely used. To prevent this degenerate behavior, we apply the auxiliary load-balancing loss
LAUX following the formulation of the Switch Transformer [35]:

LAUX = N ·
N∑
i=1

fi · Pi (6)

where fi is the fraction of samples in batch B sent to expert i.

fi =
1

B

∑
b∈B

1{expert i ∈ TopK(b)} (7)

and P i is the fraction of the probability that the router is assigned to the expert i.

Pi =
1

B

∑
b∈B

pi(b) (8)
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with pi(b) being the probability of gating assigned to expert i in the sample b in the batch.
This loss reaches its minimum when all experts are utilized uniformly, fi = Pi =

1
N

for all i.
Although load balancing helps distribute inputs relatively evenly between experts, it does

not ensure that different experts learn different features. We observe that, without explicit
regularization, experts may learn overlapping features, which reduces the effectiveness of the
model. To address this issue, based on the Mean Squared Overlap [36], we propose an expert
diversification loss LDIV that penalizes high cosine similarity between the weight matrices
of different experts. Let Wi ∈ Rdh×dv denote the weight matrix of the first linear layer in
expert i, where dh is the hidden dimension and dv is the visual dimension. We then flatten
and normalize each weight matrix in L2 into a unit vector ŵi, and define:

LDIV =
1

N(N − 1)

∑
i<j

(ŵ⊤
i ŵj)

2 (9)

This loss helps experts specialize better, ensuring that they extract different aspects of visual
features.

In the training phase, we fine-tune the model on the TomaMMU dataset [37], which
includes more than 27,000 unique images and 94,932 QA pairs. These QA pairs are divided
into six specific groups, covering three levels from simple to complex: Basic Perception,
Pathology Understanding, and Disease Diagnosis. This design helps the model to understand
the question more effectively. This allows us to pay attention to the right visual evidence in
the image and make the best diagnoses. Furthermore, in the LLM layer, we apply LoRA[38]
to optimize performance, and the learned weights are merged directly into the original LLM
weights. Specifically, for a frozen weight matrix W0 ∈ Rd×k of the attention layer, the weight
update ∆W is decomposed into the product of two low-rank matrices A ∈ Rr×k and B ∈ Rd×r

with rank r ≪ min(d, k):

W = W0 +∆W = W0 +
α

r
BA (10)

The forward pass calculation for a given hidden activation vector h through the adapter-
equipped attention layer is formulated as:

h′ = W0h+
α

r
BAh (11)

where α is a constant scaling hyperparameter. Throughout training, the original pre-
trained weight matrix W0 remains completely frozen, and gradients are only computed and
backpropagated to update the low-rank adapter parameters A and B, which significantly
minimizes memory consumption and training overhead. After training phase, we evaluate the
model on the validation set at the end of each epoch. We select the model weights from the
epoch that achieves the highest validation accuracy as the final checkpoint for testing phases.

In the inference phases, the model uses the components described in the Architecture
section. Given the input image I and the question Q, the question-conditioned visual token
xv is computed using the Expert Fusion adapter E :

xv = E(V ,Q) (12)
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Then, the target diagnostic answer Y = (y1, y2, . . . , yL) is generated in autoregressive form
based on the visual token xv and the question tokens, based on the following conditional
probability equation

P (Y | xv,Q) =
L∏

t=1

P (yt | y<t, xv,Q) (13)

where y<t denotes the sequence of answer tokens generated prior to step t.

4. Experimental Setup

4.1. Datasets
We evaluated SOLAR in our internal and three external tomato disease datasets, including

TomaMMU [37], TLID [39], TLD-3 [40] and TomaAD [31]. All input images were resized to
a fixed resolution of 224× 224 pixels prior to model training and testing. The overview of
the datasets is shown in Figure 2.

Figure 2: Distribution of QA samples(a) and Number of classes(b) across the six VQA tasks for
the five datasets. In TomaMMU, number of class SNC and DC are differ because two DC classes, Mite
and Spider mites Two-spotted Spider Mite, are the same scientific name Tetranychus urticae. In the same
way two DC classes, Mosaic Virus and Virosis, are same Tomato mosaic virus (ToMV) in SNC.

In this study, we utilized our TomaMMU dataset [37]. The images were filtered according
to disease, symptom, leaves, pathogen, scientific name, and image descriptions. Lastly,
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the research team classified the images into disease types. The Dataset consists of more
than 21,000 images of 15 diseases with 6 tasks, 158,214 QA pairs, and covering 60 classes.
TomaMMU was divided into 6:2:2, which corresponds to 94,932 QA pairs in the training
phase, 31,641 QA pairs in the validation phase, and 31,641 QA pairs in the testing phase. We
ensure that the images belonging to each disease category are proportionally allocated within
the dataset, despite the inherently unbalanced distribution between classes. The statistics of
these dataset classes are presented in Figure A.1.

The three external test datasets are reserved solely for the testing phase. Before entering
this phase, these images are filtered and preprocessed following TomaMMU [37] procedure.

TLID [39] was constructed through multiple field surveys in various greenhouse farms,
allowing the documentation of different diseases at various stages of development. This
dataset comprises seven distinct classes categorized into 4 types of disease , two co-infection
scenarios, and one healthy state. However, to align with our model, we utilized only 2 disease
with 25,973 QA pairs.

TLD-3 [40] is a dataset specifically focused on images of tomato leaf collected under
various environmental conditions. This dataset comprises 10 classes with 49,213 QA pairs
representing various leaf diseases.

TomaAD [31] is a dataset consisting of 502 tomato leaf images categorized into 4 diseases
with 3,174 QA pairs. Data were collected from a commercial greenhouse in the arid climate of
Abu Dhabi, United Arab Emirates. Disease labels were assigned based on visual observation
and validated by agricultural experts on-site. In particular, these datasets reflect real-world
imaging conditions, including illumination variance, leaf orientation, and partial occlusions.

4.2. Comparison Setup
State-of-the-art competing models. To benchmark SOLAR, we evaluated competing
SOTA architectures across three distinct paradigms. First, to assess out-of-the-box generaliza-
tion, we tested a cohort of FMs and domain-specific VLMs without task-specific fine-tuning,
comprising InternVL3 (1B and 2B) [41], Qwen2.5-3B [42], Qwen3-2B [43], LLaVA-OV [33],
LFM-VL 2.5 [34], BioCLIP [44], SigLIP2 [45], and SCOLD [23]. Second, to establish standard
image classification baselines, we fine-tuned representative vision-only architectures, com-
prising ResNet50 [46], EfficientNetV2S [47], DenseNet121 [48], and InceptionResNetV2 [49].
Lastly, we compared SOLAR directly against fine-tuned VLMs—namely CLIP [50], Bio-
CLIP [44], SigLIP2 [45], AgriCLIP [51], SCOLD [23], and LLaVA 1.5 [33]—trained under
identical conditions. All evaluations were conducted within a strictly consistent experimental
framework to ensure fair comparison.
Evaluation Metrics. We evaluate model performance using five complementary metrics.
Accuracy (Acc) measures the proportion of correct predictions over the total number of
test samples, reflecting the general reliability of the classification. F1-Score (F1) combines
precision and recall into a single balanced measure to account for class-level performance. For
generation quality, we employ ROUGEL [52] complements these by measuring the longest
common subsequence between generated and reference texts, thereby reflecting fluency and
structural coherence. To evaluate the response quality of open-ended VQA output, we use
GPT that the LLM-as-a-judge [53] method with Gemini Flash 2.5 [54]. This evaluator
compares the generated response with ground truth and rates it on a five-point scale based on
semantic alignment, correctness, and completeness. Under this scheme, a score of 1 indicates
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a completely incorrect or irrelevant answer; 2 represents a partially relevant response with
major inaccuracies; 3 denotes a generally correct output that lacks specific details; 4 signifies
a fully correct and semantically equivalent answer; and 5 corresponds to an exceptionally
precise, clear diagnosis that demonstrates a comprehensive understanding of both visual
and textual contexts. The model is instructed to output only a single integer to facilitate
structured data parsing. Together, these metrics provide a comprehensive assessment of both
global correctness and per-class diagnostic effectiveness for classification tasks, as well as
lexical fidelity and generation quality for generative task types. The detail prompt in the
Table A.2.

Statistical Methods We compare between the best model and the second best by using
a two-sided Wilcoxon signed-rank test. Performance scores are presented as the mean with
95% confidence intervals (CIs) estimated via bootstrapping (n = 1, 000 replicates).

4.3. Experimental Setup
In this section, we describe the hardware and hyperparameter settings and evaluation

method as below. used in our experiments.
Hardware Platform: All experiments are performed on a local workstation with the
following hardware and software specifications: CPU: Intel(R) Xeon(R) CPU E5-2686 v4 @
2.30GHz, GPU: NVIDIA GeForce RTX 4060 Ti 16 GB, Memory: 128 GB RAM, System:
Windows
Hyperparameter Settings: For training, we run the model for 20 epochs using the AdamW
optimizer with a learning rate of 1× 10−4 and a weight decay of 0.01. The batch size is set
to 32. For LoRA tuning, we apply the adapters to the query, key, value and output layers
(Wq,Wk,Wv,Wo) of the language model with a rank r = 16, alpha α = 32, and a dropout
rate of 0.1. For the MoE layer, the model has N = 4 experts and uses top-K = 2 routing.
Each expert has a hidden size of 4096. The weights for the loss balance load and the loss of
diversity are set to λ1 = 0.01 and λ2 = 0.001.
Foundation Models: Both general-purpose and domain-specific vision-language foundation
models are evaluated in a zero-shot multiple-choice setup. The prompt presents the query
with four options. For single-label tasks (LC, HDC, PC, DC, SNC), each option corresponds
to a distinct category. For the multi-label Symptom Identification (SI) task, since a single
image may have multiple distinct symptoms, we ensure that each option contains only a
single symptom associated with that image.
Vision Models: We add a classification layer to each model for each question type. The
number of classification heads corresponds to the number of classes for each type of question.
Fine-tuned VLMs: Contrastive vision-language models are fine-tuned on the training set.
During inference, option text prompts corresponding to all class names within a task are
encoded through the text encoder. For a given input image, the cosine similarity between
the image embedding and all option text embeddings is computed. The option that yields
the maximal similarity score is selected as the predicted label.

Unlike traditional image classification models, SOLAR directly generates natural language
answers. For single-label tasks (LC, HDC, PC, DC, SNC), predicted labels are extracted from
the generated text via exact keyword matching against the ground truth. For the multi-label
Symptom Identification (SI) task, predicted symptom terms are parsed into a discrete set
and evaluated against the ground-truth symptom set.
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5. Experimental Result

5.1. Closed Visual Question Answering Performance
To evaluate the effectiveness of SOLAR, we conduct comprehensive comparative ex-

periments against three categories of models on our internal dataset and three external
datasets.
SOLAR demonstrated superior performance on all VQA tasks. On average, SOLAR
consistently outperformed all SOTA models (Figure 3a). In particular, SOLAR significantly
outperformed all competing models in basic perception tasks such as HDC (93.7%, 95% CI:
91.3%–96.0%), pathology understanding tasks such as PC (64.0%, 95% CI: 61.5%–66.5%)
and SI (53.6%, 95% CI: 50.0%–57.0%), and disease diagnosis tasks including DC (57.4%, 95%
CI: 54.5%–60.3%) and SNC (61.8%, 95% CI: 59.0%–64.8%). SOLAR achieved an average
increase of +2.15% (P ≤ 0.0001), with respective performance differences of +3.49% (HDC),
+0.72% (PC), +4.63% (SI), +4.58% (DC), +2.37% (SNC), and −4.36% (LC) compared with
the second-best model (P ≤ 0.0001). In addition, we compare our model with the top-3
models from each model category across all six tasks (Figure 3b-d, and Tables A.6-A.9).
Specifically, when comparing with the top-3 fine-tuned VLMs, SOLAR outperforms on almost
all tasks with +16.79% and +0.196 (LLaVA), +37.68% and +0.263 (SigLIP2), and +60.70%
and +0.513 (BioCLIP), but underperforms on LC with a gap of −3.95% and −0.011 (LLaVA).
Similarly, SOLAR also outperforms vision-only models in almost all tasks with +52.37%
and +0.208 (EfficientNetV2S), +69.34% and +0.496 (ResNet50), and +70.13% and +0.503
(DenseNet121), but slightly lower on LC with gaps of −2.39% (EfficientNetV2S), −5.81%
(ResNet50), and −2.28% (DenseNet121). Specifically, with top-1 representatives from each
category, SOLAR also exceeded other models in almost all tasks, but still underperformed on
LC with −3.95% and −0.011 (LLaVA) and −4.34% and −0.027 (Qwen2.5 3B).
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Figure 3: Performance comparison across the six VQA tasks and the overall average and
performance comparison of the top-performing models in each category across the six tasks. a,
The box plots show the distribution of accuracy for SOLAR with the best models in each category(LLaVA,
EfficientNetV2S, and Qwen2.5 3B) across the six tasks (HDC, DC, SNC, PC, SI and LC). b, Comparison of
SOLAR with the fine-tuned VLMs achieving the highest average performance(LLaVA, SigLIP2, BioCLIP). c,
Comparison of SOLAR with the CNN architectures achieving the highest average performance(EfficientNetV2S,
ResNet50, DenseNet121). d, Comparison of the SOLAR model with the best-performing models in each
evaluation domain (LLaVA, EfficientNetV2S, Qwen2.5 3B). Error bar represented as the mean with 95%
CIs estimated using the bootstrap method (n = 1, 000 replicates). The two-sided Wilcoxon signed-rank
test was used to assess the statistical differences between SOLAR and the second-best model. ∗∗P ≤ 0.01,
∗∗∗P ≤ 0.001, ∗∗∗∗P ≤ 0.0001. (purple indicates Acc, and pink denotes F1)

SOLAR significantly outperformed baselines on internal and external datasets.
Figure 4 demonstrated that SOLAR consistently outperformed all competing models, leading
with the highest average accuracy of 69.08% (95% CI: 67.88%–70.21%). This represents an
accuracy improvement of +8.32% over EfficientNetV2S, +10.58% over ResNet50, and +10.59%
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over SigLIP2 (Table A.1). Specifically, on our internal dataset and TLD-3 dataset, SOLAR
maintained superior performance, achieving accuracies of 97.68% (95% CI: 96.50%–98.83%)
and 91.67% (95% CI: 89.33%–93.67%), respectively. In these specific evaluations, SOLAR
outperformed LLaVA by +1.78%, EfficientNet by +10.24%, and Qwen2.5 3B by +10.45%
(Figure 4a-d). Specifically, when comparing with top-3 fine-tuned VLMs(Figure 4e), SOLAR
covers almost all other VLMs +8.55% and +0.123 (LLaVA), +42.35% and +0.348 (SigLIP2),
and +44.72% and +0.385 (BioCLIP). Meanwhile, SOLAR still outperformed vision models
in almost dataset (Figure 4f) such as +37.38% and +0.222 (EfficientNetV2S), +40.91% and
+0.349 (ResNet50), and +43.52% and +0.334 (DenseNet121), but underperformed in TLID,
with the gaps are −4.08% and −0.093 (EfficientNetV2S). (See detail in Tables A.6-A.9).
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Figure 4: Average accuracy comparison of SOLAR and baseline models across the four evaluation
datasets including (a)TomaMMU, (b) TLID (c) TLD-3 and (d) TomaAD datasets. The bars
represent the mean accuracy of SOLAR with the best models in each category (LLaVA, EfficientNetV2S, and
Qwen2.5 3B). Performance comparison on tomato disease VQA datasets. e, Comparison of SOLAR with the
fine-tuned VLMs achieving the highest average performance(LLaVA, SigLIP2, BioCLIP) f, Comparison of
SOLAR with the CNN architectures achieving the highest average performance (EfficientNetV2S, ResNet50,
DenseNet121). Error bar represented as the mean with 95% CIs estimated using the bootstrap method
(n = 1, 000 replicates). The two-sided Wilcoxon signed-rank test was used to assess the statistical differences
between SOLAR and the second-best model. ∗∗P ≤ 0.01, ∗∗∗P ≤ 0.001, ∗∗∗∗P ≤ 0.0001. (purple indicates
Acc, and pink denotes F1)

SOLAR demonstrates strong generative capabilities for agricultural VQA. Because
agricultural VQA requires not only accurate classification but also informative context, we
further evaluated the models’ capacities to generate free-form responses. As shown on Table 1,
on average, it outperformed Qwen3-2B by +0.024 (ROUGEL) and +0.759 (GPT), with
consistent improvements over InternVL3-2B (+0.028, +0.674) and InternVL3-1B (+0.034,
+1.013). Specifically, on our internal dataset, SOLAR achieved the highest performance
(ROUGEL: 0.995; GPT: 4.741), outperforming the strongest competitors, including LFM-VL
2.5 (by +0.06 and +1.000, respectively), Qwen3-2B (+0.063, +1.312), and InternVL3-2B
(+0.024, +1.371). Conversely, on the TLID dataset, SOLAR trailed the two leading models,
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yielding a ROUGEL of 0.894 and a GPT score of 2.649. This represented a deficit of 0.036
(ROUGEL) and 0.462 (GPT) compared to Qwen3-2B, alongside gaps of 0.025 and 0.67 relative
to InternVL3-2B. However, SOLAR regained its lead on the TLD-3 and TomaAD datasets,
scoring 0.973 and 0.920 in ROUGEL, and 4.549 and 3.334 in GPT, respectively. Across these
datasets, SOLAR maintained substantial margins over Qwen3-2B (by +0.068 ROUGEL and
+2.186 GPT), InternVL3-2B (+0.072 and 1.997), and InternVL3-1B (+0.079 and +2.431).
Overall, SOLAR achieved the highest average scores across all evaluated datasets (ROUGEL:
0.946; GPT: 3.818). (See detail in Tables A.10-A.13)

Table 1: Generative evaluation of SOLAR and baseline models across four tomato disease VQA datasets,
measured by ROUGEL and GPT judged by Gemini Flash 2.5.

Model TomaMMU TLID TLD-3 TomaAD Average

ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT

InternVL3 1B [41] 0.926 3.311 0.908 2.459 0.926 3.311 0.888 2.141 0.912 2.805
InternVL3 2B [41] 0.931 3.370 0.919 3.319 0.931 3.370 0.890 2.516 0.918 3.144
Qwen2.5 3B [42] 0.931 3.382 0.909 2.750 0.931 3.382 0.882 2.252 0.913 2.941
Qwen3 2B [43] 0.932 3.429 0.930 3.111 0.932 3.429 0.893 2.268 0.922 3.059
LlaVA-OV [33] 0.921 3.153 0.906 2.522 0.921 3.153 0.885 2.347 0.908 2.794
LFM-VL 2.5 [34] 0.935 3.471 0.884 2.272 0.935 3.471 0.862 1.835 0.904 2.762

SOLAR 0.995 4.741 0.894 2.649 0.973 4.549 0.920 3.334 0.946 3.818

5.2. Interpretability
Learned representations from SOLAR. To qualitatively evaluate the representation
learning capability of SOLAR, we analyzed the UMAP visualizations of its learned visual
feature embeddings (Figure 5). Figure 5a establishes original image embeddings, which
then resolve into highly distinct, task-specific manifolds when categorized across the six
VQA tasks by the MoE layer (Figure 5b). In particular, basic perceptual tasks such as
HDC and LC formed well-separated binary decision boundaries by SOLAR, demonstrating
robust linear separability (Figure 5c-d). When processing biological features, the PC task
yielded compact clusters corresponding to distinct pathogen types (Figure 5e). For high-
precision diagnostic outputs, both DC and SNC exhibited tight intra-class compactness and
clear inter-class margins across 15 tomato disease categories (Figure 5f) and 12 scientific
nomenclatures (Figure 5g). This indicates that SOLAR effectively grounds expert pathology
logic into distinct feature spaces. Lastly, on the most challenging Symptom Identification
(SI) task, SOLAR successfully partitioned 26 fine-grained symptoms (Figure 5h), evidencing
precise, localized feature extraction despite high semantic overlap among visual symptom
presentations.
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Figure 5: UMAP visualizations of learned visual features. a, UMAP of image embeddings before the
MoE layer. b, UMAP by the 6 VQA tasks. c, UMAP of the HDC task. d, UMAP of the LC task. e, UMAP
of the PC task. f, UMAP of the DC task. g, UMAP of the SNC task. h, UMAP of the SI task.

Expert Routing for multiple VQA tasks. We next hypothesized that configuring an
MoE architecture with n = 6 experts and a Top-1 hard routing mechanism would optimally
map the six distinct question types in our dataset (HDC, DC, LC, SI, PC, and SNC) to
the experts, thereby allowing each expert to specialize exclusively in a single task. However,
this configuration yielded the lowest overall performance, achieving an average accuracy
of 43.46% and an F1 of 0.468 (Table 3). This severe performance degradation stems from
the semantic interdependence inherent to domain-specific multi-task VQA. For instance,
answering a scientific nomenclature (SNC) question intrinsically relies on recognizing both the
visual disease category (DC) and related localized symptoms (SI). Enforcing a fixed routing
path completely isolated the specialized experts, precluding essential cross-task knowledge
transfer. Consequently, each expert was forced to independently learn visual features and
textual reasoning from an artificially narrowed data partition. This architectural bottleneck
prevented the model from capturing generalized foundational representations and ultimately
precipitated severe overfitting.
Qualitative analysis and hierarchical error propagation. To interpret the diagnostic
reasoning of SOLAR, we analyzed the hierarchical flow of its predictions across the sequential
VQA tasks (Figure 7a). The alluvial diagram illustrates the propagation of diagnostic
logic, revealing that SOLAR maintains exceptional accuracy on foundational perceptual
and biological tasks, such as Leaf Counting (99.1%), Healthy/Disease Classification (98.8%),
and Pathogen Classification (99.5%). However, Symptom Identification (SI) emerges as the
primary bottleneck, containing the highest proportion of misclassifications (7.8%). Because
the agricultural VQA tasks are semantically interdependent, errors at the intermediate
symptom level naturally cascade into downstream failures in Disease Classification (DC)
and Scientific Nomenclature Classification (SNC). This hierarchical dependence is further
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Figure 6: Expert routing distribution heatmaps for image-level MoE with different configurations
of expert numbers: n = 4 (a), n = 6 (b), and n = 8 (c). Each cell indicates the average gating probability
of a specific question type routed to the corresponding expert

exemplified through qualitative comparison (Figure 7b). When processing a representative
pathological sample, all evaluated models successfully resolved the basic perceptual tasks (LC:
“One”; HDC: “Disease”). However, the baseline architectures (LLaVA, EfficientNetV2S, and
Qwen2.5-3B) failed to extract the correct localized features, leading to incorrect symptom
and pathogen identification and subsequent misdiagnoses (e.g., incorrectly predicting Late
Blight or Bacterial Blight). In contrast, SOLAR explicitly identified the correct fine-grained
symptoms (“concentric ring, yellowing”) and pathogen type (“Fungal”). By correctly anchoring
its reasoning in these intermediate biological features, SOLAR successfully deduced the
specific disease (“Early Blight”) and its corresponding scientific nomenclature (Alternaria
linariae). This demonstrates a transparent, step-by-step diagnostic progression that mirrors
the hierarchical logic of an expert pathologist.
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Figure 7: Diagnostic error propagation and qualitative performance of SOLAR across VQA
tasks. a, Alluvial diagram tracking prediction accuracy and error propagation flows across the six sequential
VQA tasks (LC → SNC) for on TomaMMU. Teal bands represent correct predictions, while red bands
indicate incorrect predictions. The flow thicknesses correspond to the proportion of samples, highlighting
SOLAR’s near-perfect accuracy on Pathogen Classification (PC, 99.5% correct) and demonstrating that
Symptom Identification (SI) remains the most challenging bottleneck, harboring the highest error rate
(7.8%). b, Qualitative comparative analysis of model predictions for a representative pathological leaf sample.
Responses from SOLAR (purple) are contrasted against LLaVA (light blue), EfficientNetV2S (gray-blue), and
Qwen2.5-3B (orange) across all six tasks. While all models correctly identify the perceptual Leaf Count (LC:
"One") and basic Healthy/Disease Classification (HDC: "Disease"), only SOLAR successfully correlates the
fine-grained visual symptoms ("concentric ring, yellowing") to the correct Disease Classification (DC: "Early
Blight") and corresponding Scientific Nomenclature Classification (SNC: Alternaria linariae). Conversely, the
baseline models exhibit cascading errors, misclassifying the sample as Late Blight (Phytophthora infestans) or
Bacterial Blight.

20



5.3. Ablation Study
To isolate the contributions of key architectural components within SOLAR, we conducted

comprehensive ablation studies across five dimensions: (1) the individual impact of core
modules, (2) the effectiveness of different vision encoders, (3) the scaling of the large language
model (LLM) layers, (4) the positioning of the MoE layer, and (5) the optimal number of
experts. To ensure a rigorous and fair comparison, all experiments were executed under
identical configurations and evaluation protocols, as detailed in Section 4.

Figure 8: Ablation studies and analysis of the SOLAR architecture. a, Performance of SOLAR when
removing individual key components. b, Performance of SOLAR when employing different vision encoder
backbones (CLIP, BioCLIP, AgriCLIP, and SCOLD). c, Performance of SOLAR when employing different
LLM decoders (BioGPT, Qwen3, and LFM-VL 2.5).

Effectiveness of core modules in SOLAR. To delineate the individual contributions of
SOLAR’s architectural components to overall diagnostic performance, we evaluated three
configurations: the isolated removal of the Mixture of Experts layer (w/o MoE), the removal
of the fusion adapter (w/o Fusion Adapter), and the complete SOLAR architecture (Figure 8a
and detail numbers in Table A.3 for each dataset). Specifically, across all four datasets,
the fully integrated SOLAR model secured the highest average performance (69.06% Acc,
0.666 F1), exceeding the w/o Fusion Adapter by +0.33% and +0.002, and the w/o MoE by
+2.86% and +0.024. This confirms that the synergistic integration of both the MoE and
fusion layers is essential for maximizing generalized diagnostic capabilities. (See detail in
Tables A.26-A.29)
Performance of Different Vision Encoders. To assess the impact of the visual feature
extractor on diagnostic capability, we substituted SOLAR’s default SCOLD encoder with
three widely used vision backbones: CLIP, BioCLIP, and AgriCLIP (Figure 8b and Table A.4).
As demonstrated in Figure 8b, substituting SCOLD with less specialized encoders resulted in
a marked decline in overall diagnostic performance. The specialized plant disease encoder
(SCOLD) achieved the highest overall results, reaching 69.06% Acc and a 66.60% F1. In
comparison, the general-domain model (CLIP) achieved 65.61% Acc and 63.90% F1, while
the macro-agricultural model (AgriCLIP) scored 65.04% Acc and 63.40% F1. The taxonomy-
focused biology model (BioCLIP) exhibited the lowest performance (62.76% Acc, 62.80%
F1). These results indicate that general or broadly agricultural models lack the fine-grained
perceptual capabilities required for precise symptom identification. SCOLD’s domain-specific
pre-training effectively captures the key details of foliar diseases, yielding superior foundational
representations for downstream pathology tasks. (See detail in Tables A.14-A.17)
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Performance of different LLMs. To elucidate the impact of the underlying large language
model (LLM) backbone on diagnostic reasoning, we compared SOLAR’s default textual
decoder, LFM-VL 2.5, against two SOTA generative models: Qwen3 [43] and BioGPT[55]
(Figure 8c and Table A.5). As illustrated in Figure 8c, substituting the text decoder
significantly impacts diagnostic efficacy across different parameter scales. SOLAR with LFM-
VL 2.5 (1,171M parameters) achieved the highest overall performance, reaching 69.06% Acc
and a 66.60% F1. This configuration yielded substantial performance gains of +1.55% in Acc
and +1.50% in F1 compared to the BioGPT backbone (350M parameters), alongside respective
improvements of +1.99% and +0.80% over the Qwen3 backbone (601M parameters). This
demonstrates that LFM-VL 2.5’s targeted multimodal alignment and architectural efficiency
provide superior diagnostic reasoning capabilities compared to purely general-domain or
tangentially related medical models. (See detail in Tables A.18-A.21)
MoE layer positioning. To determine the optimal integration flow for expert selection,
we evaluated three placements for the Mixture of Experts (MoE) module (Table 2). Dual
MoE employs independent MoE blocks on the image and text branches prior to combination.
Fusion MoE applies a single MoE module late in the network, processing the already-mixed
multimodal features. Finally, our proposed Image MoE places the module exclusively on
the visual branch, uniquely utilizing the textual question as the gating signal to route visual
features. While the Dual MoE configuration marginally outperformed Image MoE on the
TomaMMU (by +0.57% Acc, +0.005 F1) and TLD-3 (by +0.34% Acc, +0.004 F1) datasets,
Image MoE proved substantially more robust across diverse and challenging diagnostic
scenarios. On the TLID dataset, Image MoE (33.70% Acc, 0.335 F1) exceeded Dual MoE by
+0.87% (Acc) and +0.008 (F1), and Fusion MoE by +0.90% and +0.009. This advantage
widened significantly on the TomaAD dataset (53.20% Acc, 0.501 F1), where Image MoE
outperformed Fusion MoE by +3.81% and +0.030, and Dual MoE by a substantial +7.85%
and +0.061. Overall, the question-gated Image MoE strategy achieved the highest average
performance (69.06% Acc, 0.666 F1), yielding net improvements of +1.36% and +0.011 over
Fusion MoE, and +1.95% and +0.015 over Dual MoE. This indicates that using linguistic
cues to dynamically route foundational visual features is more effective than fully independent
or post-fusion routing. (See detail in Tables A.22-A.25)

Table 2: Performance of different MoE placement strategies across four datasets in the SOLAR architecture

TomaMMU TLID TLD-3 TomaAD Average
Type

Acc (%) F1 Acc (%) F1 Acc (%) F1 Acc (%) F1 Acc (%) F1
Dual MoE 98.25 0.979 32.83 0.327 92.01 0.859 45.35 0.440 67.11 0.651
Fusion MoE 97.02 0.966 32.80 0.326 91.60 0.855 49.39 0.471 67.70 0.655
Image MoE 97.68 0.974 33.70 0.335 91.67 0.855 53.20 0.501 69.06 0.666

Number of experts. To determine the optimal capacity of the Image MoE layer, we
evaluated the impact of varying the total number of experts (n ∈ {4, 6, 8}) while maintaining
a constant Top-2 routing mechanism (k = 2) (Table 3). Top-2 routing restricts the gating
network to select and aggregate outputs from only the two highest-scoring experts per input
image. This ensures a stable, bounded computational cost while promoting collaborative
feature sharing between the activated experts. Focusing on these Top-2 configurations, our
default setting of n = 4 experts achieved the highest overall performance, with 69.06%
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Acc and 0.666 F1 (+1.56% Acc and −0.031 F1 relative to n = 6). Specifically, the n = 4
configuration maximized performance on the TomaMMU (97.68% Acc; +0.28% over n = 6)
and TomaAD (53.20% Acc; +6.69% over n = 6) datasets. Conversely, on the TLID and
TLD-3 datasets, n = 4 yielded slightly lower accuracies of 33.70% and 91.67%, trailing
the n = 6 configuration by margins of −0.53% and −0.37%, respectively. The general
performance degradation observed with larger expert pools (n ≥ 6) suggests that excessive
capacity exacerbates overfitting on limited training data and increases the gating network’s
optimization complexity. As visualized in Figure 6, a moderate number of experts (n = 4)
encourages distinct functional specialization. In contrast, an over-parameterized MoE layer
results in dispersed routing patterns, load imbalances, and a failure of individual experts to
develop localized diagnostic specializations. (See detail in Tables A.30-A.33)

Table 3: Ablation study on the number of experts in the Image MoE layer of the SOLAR architecture

TomaMMU TLID TLD-3 TomaAD Average
Expert Top-k

Acc (%) F1 Acc (%) F1 Acc (%) F1 Acc (%) F1 Acc (%) F1
4 2 97.68 0.974 33.70 0.335 91.67 0.855 53.20 0.501 69.06 0.666
6 1 96.81 0.965 7.85 0.079 52.63 0.493 33.65 0.337 47.73 0.468
6 2 97.23 0.968 34.23 0.369 92.04 0.902 46.51 0.548 67.50 0.697
8 2 97.40 0.972 33.03 0.330 91.93 0.860 45.24 0.440 66.90 0.650

6. Discussion

In this study, we present SOLAR, a generative multimodal foundation model for a
comprehensive understanding of tomato diseases. Through extensive benchmark evaluation
across six hierarchical VQA tasks, we show that SOLAR achieves superior performance over
existing vision and vision-language models for basic perception, pathology understanding,
and precision disease diagnosis. Importantly, in contrast to previous studies that relied on
isolated, single-label image classification, we leveraged a generative framework to capture the
complementary semantic relationships between visual symptoms and diagnostic reasoning.
This multimodal approach successfully mirrors the cognitive, coarse-to-fine diagnostic workflow
of an agricultural expert.

The performance gain achieved by SOLAR is largely attributable to its Expert Fusion
module, which dynamically routes and integrates visual features based on the semantic
context of the input question. Existing agricultural studies have predominantly used static,
off-the-shelf foundation models or simple projectors that impose a rigid mapping between
image and text spaces [33, 56]. By contrast, SOLAR is custom-designed with a question-
conditioned Image MoE layer. This module allows the network to adaptively emphasize
diagnostically relevant visual regions—such as distinct lesion patterns or necrosis—depending
on the specific nature of the query. This mechanism effectively prevents the overlap of learned
features and mitigates severe overfitting on limited domain data.

The semantic interdependence among agricultural tasks poses a major challenge for
training reliable deep learning models. For instance, answering a highly specific SNC question
that uses scientific nomenclature inherently relies on accurately recognizing both the visual
disease category and localized leaf symptoms. Our approach provides an effective solution to
this problem by using a Top-2 MoE routing mechanism across four experts, which maintains
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stable computational cost while encouraging distinct functional specialization among the
experts. This training paradigm can be extended and applied in building interpretable
multimodal foundation models for other complex agricultural domains.

Accurate and explainable disease diagnosis has significant practical implications for
precision agriculture. There are important conceptual and practical distinctions between
basic binary disease detection and the comprehensive understanding of pathology that is
the primary focus of most existing agricultural classifiers. Given that simple classifiers only
provide a black-box label without contextual grounding, their impact in real-world farming
is limited to a basic assistive role. However, fine-grained symptom identification is a much
more challenging problem due to the high semantic overlap and substantial intra-class visual
variability in disease manifestations. By explicitly anchoring its reasoning in intermediate
biological features (such as concentric rings or yellowing), the multimodal SOLAR model
significantly improved upon traditional classification pipelines, demonstrating a transparent,
step-by-step diagnostic progression.

Despite its strong overall performance, symptom identification task remains the most
difficult bottleneck in the diagnostic pipeline, harboring the highest error rate (7.8%) in
our hierarchical analysis. Furthermore, SOLAR exhibited vulnerabilities when generalizing
to highly complex, in-the-wild datasets such as TLID. While the model excels in carefully
curated environments like TomaMMU and TomaAD, it underperformed compared to large
general-domain models (e.g., Qwen3-2B) on the generative tasks in the TLID dataset. This
discrepancy highlights the inherent trade-off of using a hyper-specialized plant disease encoder
such as SCOLD. In real-world greenhouse environments characterized by chaotic backgrounds,
multiple co-infections, and nutrient deficiencies, highly specialized encoders can become overly
sensitive to localized pathological artifacts, whereas massive general models maintain a more
robust macroscopic understanding of overall plant health.

Although the results of SOLAR’s generative VQA framework are highly promising, they
were evaluated primarily on isolated leaf images from specific datasets. Before the model
can be considered for widespread implementation in commercial greenhouses, several steps
are needed to ensure rigorous evaluation of its robustness and field utility. First, these
findings should be validated in future studies with larger, multi-regional datasets that capture
extreme environmental variations and complex multi-disease interactions. Second, expanding
multimodal inputs to integrate external metadata, such as climate conditions and temporal
growth stages, will be required to support precision agricultural management fully. Lastly,
while SOLAR excels at identifying diseases and symptoms, translating these diagnostic
insights into actionable, localized treatment protocols remains an open challenge. Future
iterations must bridge the gap between diagnostic and prescriptive agriculture by generating
safe, evidence-based intervention strategies tailored to the farmer’s specific environmental
constraints.

7. Conclusion

In this study, we introduced SOLAR, a generative multimodal architecture that fun-
damentally reformulates tomato leaf disease diagnosis as a hierarchical Visual Question
Answering task. By integrating a question-conditioned fusion Mixture-of-Experts layer with a
residual expert fusion mechanism, SOLAR dynamically routes and aligns fine-grained visual
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features based on the specific semantic context of the diagnostic query. Extensive evaluations
across four diverse datasets demonstrate that SOLAR consistently achieves state-of-the-art
performance, surpassing existing vision-only architectures, general vision-language models,
and domain-specific foundation models in both classification accuracy and generative response
quality. Crucially, by mirroring the step-by-step diagnostic reasoning of agricultural experts,
SOLAR overcomes the interpretability limitations of traditional "black-box" classifiers, pro-
viding a transparent and contextually grounded understanding of pathology. These findings
validate the efficacy of dynamic multimodal soft-routing for complex agricultural VQA tasks.
Ultimately, SOLAR establishes a highly scalable and explainable framework for precision
agriculture, paving the way for next-generation, expert-level disease management systems
deployed in real-world farming environments.
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Appendix A. Appendix Section

Figure A.1: Class distribution of the dataset across the six VQA tasks. (a) For the SI task, we show the
top 15 classes with the highest image counts, where abbreviations are: Yell (yellowing), Curl (curling),
DBMS (dark brown margin spot), TGCS (tan to gray center spot), WSLe (water-soaked lesion), CRin
(concentric ring), SSpo (small spot), ISha (irregularly shaped), RBSp (reddish-brown spot), BPYe (blotched
with pale yellow), NLes (necrotic lesion), Mott (mottling), YMos (yellow mosaic), DYLe (distortion of younger
leaves), and SDLe (small dark lesion). (b) For the SNC task, abbreviations are: TYLC (Tomato yellow
leaf curl virus), SLyc (Septoria lycopersici), TMVi (Tomato mosaic virus), ALin (Alternaria linariae), XVes
(Xanthomonas vesicatoria), TUrt (Tetranychus urticae), PInf (Phytophthora infestans), Ccas (Corynespora
cassiicola), PFul (Passalora fulva), Valb (Verticillium albo-atrum), Rsol (Ralstonia solanacearum), and Foxy
(Fusarium oxysporum). (c) For the HDC task, classes are Disease and Healthy. (d) For the PC task, classes
are Fungal, Virus, Bacterial, and Spider. (e) For the LC task, classes are One and Many. (f) For the DC
task, abbreviations are: YLCV (Yellow Leaf Curl Virus), SLSp (Septoria Leaf Spot), EBli (Early Blight),
BSpo (Bacterial Spot), LBli (Late Blight), SMTS (Spider mites Two-spotted Spider Mite), Viro (Virosis),
TSpo (Target Spot), LMol (Leaf Mold), MVir (Mosaic Virus), VWil (Verticillium Wilt), Mite (Mite), BFlo
(Bacterial Floundering), and FWil (Fusarium Wilt).
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Æ SYSTEM_PROMPT

You are an expert multimodal AI evaluator. Your task is to evaluate the accuracy of a candidate
answer to a visual question, based on the provided ground truth answer set.

  PROMPT_TEMPLATE

Ground Truth Reference Answers: {ground_truth_answers} Prediction Answer:
{prediction_answer}

Evaluate the candidate answer based on the following scale (1 to 5):

1. The answer is completely incorrect, hallucinatory, or irrelevant to the question.
2. The answer is partially relevant but contains major inaccuracies or misses the core

question.
3. The answer is generally correct but lacks specific details, or contains minor factual errors.
4. The answer is correct, directly addresses the question, and is semantically equivalent to

the ground truth.
5. The answer is exceptionally accurate, clear, and demonstrates a strong understanding of

the visual and textual context.

Respond with a score (1, 2, 3, 4, or 5).

Figure A.2: Prompt template used for LLM-as-a-Judge evaluation of visual question answering (VQA)
responses on a five-point scale. The system prompt (top) specifies the evaluator role and behavioral
constraints; the user prompt template (bottom) supplies input placeholders ({ground_truth_answers}
and {prediction_answer}), the 5-point evaluation criteria, and restricts the output strictly to a single
integer for automated parsing.
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Table A.1: Performance comparison of SOLAR against foundation models, vision models, and fine-tuned
vision-language models across four tomato disease VQA datasets.

Model TomaMMU TLID TLD-3 TomaAD Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Foundation Models

InternVL3 1B 55.21 0.552 27.04 0.270 53.80 0.538 50.20 0.441 46.56 0.450
InternVL3 2B 56.20 0.562 38.49 0.385 55.01 0.550 59.99 0.541 52.42 0.510
Qwen2.5 3B 58.00 0.580 38.33 0.383 62.46 0.582 55.62 0.503 53.60 0.512
Qwen3 2B 58.87 0.589 33.02 0.330 58.01 0.579 43.87 0.389 48.44 0.472
LLaVA-OV 52.42 0.524 33.04 0.330 53.80 0.538 42.63 0.314 45.47 0.427
LFM-VL 2.5 58.72 0.587 32.03 0.320 56.89 0.569 50.33 0.445 49.49 0.480
SCOLD 37.19 0.372 37.43 0.374 38.81 0.388 35.11 0.335 37.14 0.367
BioCLIP 48.95 0.567 22.05 0.221 50.63 0.506 28.42 0.270 37.51 0.391

Vision Models

ResNet50 86.40 0.855 32.27 0.327 83.79 0.812 31.45 0.314 58.48 0.577
EfficientNetV2S 85.91 0.849 37.78 0.428 82.72 0.833 36.54 0.426 60.74 0.634
DenseNet121 86.15 0.853 31.99 0.323 80.31 0.783 32.57 0.360 57.75 0.580
InceptionResNetV2 84.74 0.836 25.44 0.290 82.81 0.807 29.26 0.313 55.56 0.561

Fine-tuned VLMs

CLIP 93.83 0.946 21.91 0.218 85.07 0.799 26.42 0.261 56.81 0.556
BioCLIP 89.61 0.911 29.23 0.292 82.61 0.778 30.08 0.299 57.88 0.570
SigLIP2 91.49 0.921 17.59 0.173 87.62 0.862 37.20 0.361 58.47 0.579
AgriCLIP 93.73 0.948 25.04 0.249 35.68 0.350 23.63 0.233 44.52 0.445
SCOLD 83.70 0.733 30.86 0.306 48.86 0.440 28.92 0.255 48.09 0.433
LLaVA 96.28 0.944 30.02 0.322 91.29 0.873 50.11 0.403 66.92 0.636

SOLAR 97.68 0.974 33.70 0.335 91.67 0.855 53.20 0.501 69.06 0.666
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Table A.2: Performance comparison of SOLAR against foundation models, vision models, and fine-tuned
vision-language models. The values represent the average results across four tomato disease VQA datasets
categorized by question-based tasks.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Foundation Models

InternVL3 1B 63.76 0.550 24.71 0.247 34.85 0.349 37.38 0.373 28.25 0.280 90.45 0.904 46.56 0.450
InternVL3 2B 88.25 0.798 39.22 0.391 32.16 0.321 39.36 0.393 25.34 0.253 90.22 0.901 52.42 0.510
Qwen2.5 3B 86.41 0.817 36.80 0.358 37.52 0.373 42.71 0.361 29.86 0.298 88.32 0.867 53.60 0.512
Qwen3 2B 86.23 0.789 27.57 0.275 17.53 0.175 38.42 0.384 31.66 0.318 89.23 0.890 48.44 0.472
LLaVA-OV 75.54 0.668 26.10 0.243 24.49 0.210 32.12 0.310 27.44 0.262 87.17 0.868 45.47 0.427
LFM-VL 2.5 82.74 0.808 22.00 0.220 26.27 0.258 41.26 0.406 35.15 0.351 89.54 0.840 49.49 0.480
SCOLD 44.80 0.448 44.80 0.447 42.51 0.425 35.25 0.352 34.97 0.350 20.48 0.182 37.14 0.367
BioCLIP 62.90 0.688 22.60 0.185 23.74 0.282 29.39 0.324 22.33 0.207 64.12 0.661 37.51 0.391

Vision Models

ResNet50 93.25 0.950 44.42 0.450 46.77 0.486 53.01 0.554 23.63 0.222 89.79 0.800 58.48 0.577
EfficientNetV2S 90.15 0.929 48.85 0.529 50.76 0.541 62.05 0.660 26.24 0.291 86.37 0.855 60.74 0.634
DenseNet121 93.06 0.950 45.01 0.460 46.11 0.477 60.08 0.614 16.03 0.154 86.26 0.826 57.75 0.580
InceptionResNetV2 80.97 0.877 43.06 0.435 43.90 0.449 54.22 0.564 22.96 0.225 88.28 0.821 55.56 0.561

Fine-tuned VLMs

CLIP 79.21 0.792 49.17 0.470 51.53 0.515 56.09 0.561 39.88 0.348 64.97 0.650 56.81 0.556
BioCLIP 82.82 0.828 44.37 0.425 46.44 0.464 61.31 0.613 34.78 0.315 77.57 0.776 57.88 0.570
SigLIP2 74.37 0.744 49.57 0.475 59.01 0.590 62.97 0.630 46.82 0.456 58.13 0.581 58.47 0.579
AgriCLIP 80.29 0.803 46.08 0.439 50.24 0.502 53.90 0.539 41.20 0.364 70.40 0.704 44.52 0.445
SCOLD 82.42 0.761 43.37 0.420 54.66 0.494 48.72 0.488 15.44 0.089 82.30 0.782 48.09 0.433
LLaVA 89.14 0.881 52.84 0.529 59.49 0.553 63.24 0.575 48.92 0.424 87.93 0.851 66.92 0.636

SOLAR 93.61 0.936 57.44 0.552 61.78 0.618 64.04 0.641 53.55 0.411 83.98 0.840 69.06 0.666

Table A.3: Performance comparison of different components in the SOLAR architecture. The results show
that SOLAR outperforms other configurations, showing that all components are important.

TomaMMU TLID TLD-3 TomaAD Average
Model

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
W/o Fusion Adapter 97.20 0.969 34.05 0.337 92.03 0.859 51.65 0.490 68.73 0.664
W/o MoE 98.04 0.977 33.44 0.330 90.56 0.846 42.75 0.416 66.20 0.642
SOLAR 97.68 0.974 33.70 0.335 91.67 0.855 53.20 0.501 69.06 0.666

Table A.4: Performance comparison of different vision encoders across four datasets in the SOLAR architecture

TomaMMU TLID TLD-3 TomaAD Average
Model

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
CLIP 96.53 0.958 38.17 0.373 86.80 0.822 40.95 0.403 65.61 0.639
BioCLIP 97.21 0.976 32.96 0.329 85.21 0.852 35.65 0.356 62.76 0.628
AgriCLIP 96.94 0.967 46.13 0.451 85.09 0.798 31.99 0.318 65.04 0.634
SCOLD 97.68 0.974 33.70 0.335 91.67 0.855 53.20 0.501 69.06 0.666
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Table A.5: Performance comparison of different LLM backbones across four datasets in the SOLAR architecture

TomaMMU TLID TLD-3 TomaAD Average
Model

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
Qwen 3 97.24 0.978 34.25 0.343 89.42 0.855 47.38 0.454 67.07 0.658
BioGPT 97.76 0.974 32.00 0.318 92.09 0.861 48.20 0.452 67.51 0.651
LFM-VL 2.5 97.68 0.974 33.70 0.335 91.67 0.855 53.20 0.501 69.06 0.666

Table A.6: Performance comparison across six VQA tasks on the TomaMMU dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Foundation Models

InternVL3 1B 89.88 0.899 28.61 0.286 30.69 0.307 50.82 0.508 37.54 0.375 93.73 0.937 55.21 0.552
InternVL3 2B 82.08 0.821 34.23 0.342 42.65 0.426 51.44 0.514 32.42 0.324 94.38 0.944 56.20 0.562
Qwen2.5 3B 83.84 0.838 40.60 0.406 47.46 0.475 51.01 0.510 32.46 0.325 92.64 0.926 58.00 0.580
Qwen3 2B 91.55 0.915 45.55 0.456 32.63 0.326 55.88 0.559 33.94 0.339 93.68 0.937 58.87 0.589
LLaVA-OV 89.88 0.899 34.75 0.347 24.82 0.248 45.16 0.452 26.69 0.267 93.23 0.932 52.42 0.524
LFM-VL 2.5 90.92 0.909 41.94 0.419 38.07 0.381 54.05 0.540 33.02 0.330 94.29 0.943 58.72 0.587
SCOLD 25.02 0.250 63.43 0.634 43.40 0.434 40.60 0.406 39.46 0.395 11.25 0.113 37.19 0.372
BioCLIP 63.12 0.867 46.55 0.300 35.50 0.533 47.73 0.600 20.02 0.133 80.78 0.967 48.95 0.567

Vision Models

ResNet50 98.68 0.993 89.98 0.900 90.42 0.903 96.24 0.962 43.90 0.406 99.17 0.962 86.40 0.855
EfficientNetV2S 98.20 0.990 88.87 0.887 89.86 0.898 95.98 0.960 43.76 0.416 98.76 0.945 85.91 0.849
DenseNet121 98.70 0.993 89.79 0.896 90.04 0.899 96.02 0.960 43.17 0.406 99.17 0.963 86.15 0.853
InceptionResNetV2 98.02 0.989 85.30 0.845 86.61 0.862 95.98 0.960 43.76 0.416 98.76 0.945 84.74 0.836

Fine-tuned VLMs

CLIP 96.23 0.962 94.92 0.949 94.48 0.945 98.38 0.984 81.27 0.858 97.72 0.977 93.83 0.946
BioCLIP 97.69 0.977 89.07 0.890 88.89 0.889 95.94 0.959 68.12 0.771 97.93 0.979 89.61 0.911
SigLIP2 96.22 0.962 91.67 0.917 90.21 0.902 96.45 0.965 76.78 0.802 97.62 0.976 91.49 0.921
AgriCLIP 98.23 0.982 94.90 0.949 95.13 0.951 98.26 0.983 77.42 0.840 98.44 0.984 93.73 0.948
SCOLD 88.33 0.782 85.71 0.779 85.42 0.767 92.08 0.889 54.40 0.266 96.27 0.916 83.70 0.733
LLaVA 98.89 0.982 94.26 0.931 94.65 0.930 99.11 0.990 91.53 0.851 99.25 0.981 96.28 0.944

SOLAR 98.75 0.988 98.24 0.982 98.40 0.984 99.50 0.995 92.15 0.903 99.07 0.991 97.68 0.974
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Table A.7: Performance comparison across six VQA tasks on the TLID dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Foundation Models

InternVL3 1B 0.00 0.000 0.00 0.000 42.67 0.427 1.84 0.018 17.97 0.180 99.78 0.998 27.04 0.270
InternVL3 2B 95.44 0.954 25.85 0.259 4.30 0.043 0.04 0.000 5.34 0.053 99.98 1.000 38.49 0.385
Qwen2.5 3B 93.04 0.930 27.35 0.274 2.63 0.026 0.21 0.002 6.98 0.070 99.78 0.998 38.33 0.383
Qwen3 2B 81.41 0.814 10.44 0.104 0.71 0.007 0.08 0.001 5.57 0.056 99.94 0.999 33.02 0.330
LLaVA-OV 47.12 0.471 14.95 0.149 24.30 0.243 0.00 0.000 12.01 0.120 99.88 0.999 33.04 0.330
LFM-VL 2.5 74.58 0.746 5.05 0.051 2.38 0.024 0.00 0.000 10.26 0.103 99.94 0.999 32.03 0.320
SigLIP2 25.65 0.257 29.19 0.292 34.41 0.344 14.95 0.149 3.96 0.040 10.47 0.105 19.77 0.198
SCOLD 76.20 0.762 27.27 0.273 22.76 0.228 51.94 0.519 46.37 0.464 0.02 0.000 37.43 0.374
BioCLIP 83.08 0.831 2.67 0.027 1.25 0.013 2.21 0.022 4.69 0.047 38.38 0.384 22.05 0.221

Vision Models

ResNet50 90.99 0.911 0.29 0.006 0.58 0.012 0.04 0.001 1.72 0.033 100.00 1.000 32.27 0.327
EfficientNetV2S 91.28 0.912 9.85 0.179 2.34 0.046 12.90 0.229 13.03 0.214 97.29 0.986 37.78 0.428
DenseNet121 90.26 0.904 0.29 0.006 0.88 0.017 0.13 0.003 0.40 0.008 100.00 1.000 31.99 0.323
InceptionResNetV2 47.79 0.643 1.34 0.026 1.13 0.022 0.00 0.000 2.40 0.046 100.00 1.000 25.44 0.290

Fine-tuned VLMs

CLIP 91.15 0.912 0.33 0.003 0.50 0.005 0.50 0.005 2.37 0.020 36.61 0.366 21.91 0.218
BioCLIP 92.54 0.925 0.00 0.000 0.04 0.000 0.08 0.001 0.73 0.005 82.00 0.820 29.23 0.292
SigLIP2 81.84 0.818 1.21 0.012 1.50 0.015 4.68 0.047 7.60 0.056 8.72 0.087 17.59 0.173
AgriCLIP 86.07 0.861 0.04 0.000 0.04 0.000 0.50 0.005 8.08 0.072 55.50 0.555 25.04 0.249
SCOLD 78.06 0.763 1.17 0.012 1.29 0.013 5.39 0.054 0.08 0.002 99.17 0.992 30.86 0.306
LLaVA 76.23 0.856 0.17 0.003 0.58 0.012 0.17 0.003 3.33 0.058 99.63 0.998 30.02 0.322

SOLAR 95.18 0.952 0.79 0.008 0.67 0.007 2.17 0.022 4.49 0.032 98.92 0.989 33.70 0.335

Table A.8: Performance comparison across six VQA tasks on the TLD-3 dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Foundation Models

InternVL3 1B 85.89 0.859 27.25 0.273 20.07 0.201 67.46 0.675 25.74 0.257 96.41 0.964 53.80 0.538
InternVL3 2B 84.83 0.848 23.16 0.232 31.70 0.317 68.01 0.680 26.47 0.265 95.91 0.959 55.01 0.550
Qwen2.5 3B 85.73 0.857 36.16 0.362 38.53 0.385 95.18 0.697 23.96 0.240 95.18 0.952 62.46 0.582
Qwen3 2B 91.29 0.912 34.20 0.336 32.52 0.325 69.58 0.696 24.22 0.242 96.22 0.962 58.01 0.579
LLaVA-OV 85.87 0.858 35.59 0.356 25.22 0.252 56.93 0.569 25.19 0.252 94.00 0.940 53.80 0.538
LFM-VL 2.5 87.57 0.876 31.96 0.320 32.45 0.325 70.79 0.708 22.21 0.222 96.33 0.963 56.89 0.569
SigLIP2 32.63 0.326 15.76 0.158 28.13 0.281 69.99 0.700 17.90 0.179 10.56 0.106 29.16 0.292
SCOLD 42.30 0.423 49.55 0.495 36.28 0.363 38.39 0.384 48.67 0.487 17.64 0.176 38.81 0.388
BioCLIP 66.74 0.667 39.92 0.399 30.56 0.306 62.84 0.628 17.91 0.179 85.80 0.858 50.63 0.506

Vision Models

ResNet50 96.88 0.982 87.16 0.889 86.75 0.871 93.17 0.936 43.26 0.400 95.52 0.796 83.79 0.812
EfficientNetV2S 96.45 0.979 87.84 0.893 88.18 0.885 91.97 0.925 36.92 0.361 94.94 0.953 82.72 0.833
DenseNet121 96.24 0.979 87.92 0.897 86.71 0.870 95.30 0.957 20.53 0.202 95.15 0.795 80.31 0.783
InceptionResNetV2 96.02 0.977 83.57 0.849 84.06 0.843 93.93 0.943 43.19 0.417 96.08 0.815 82.81 0.807

Fine-tuned VLMs

CLIP 91.93 0.919 85.57 0.770 85.43 0.854 91.97 0.920 70.06 0.474 85.44 0.854 85.07 0.799
BioCLIP 93.94 0.939 81.36 0.738 81.19 0.812 87.76 0.878 67.57 0.465 83.84 0.838 82.61 0.778
SigLIP2 91.66 0.917 86.00 0.775 86.14 0.861 89.02 0.890 86.45 0.865 86.45 0.865 87.62 0.862
AgriCLIP 93.94 0.939 84.85 0.761 85.38 0.854 91.66 0.917 73.03 0.502 85.15 0.852 85.67 0.804
SCOLD 92.82 0.877 78.80 0.793 88.86 0.912 87.59 0.890 6.43 0.062 92.24 0.834 74.46 0.728
LLaVA 97.00 0.941 89.72 0.934 90.35 0.932 97.26 0.988 78.10 0.565 95.33 0.877 91.29 0.873

SOLAR 96.86 0.969 91.19 0.823 91.35 0.913 96.79 0.968 79.22 0.510 94.62 0.946 91.67 0.855
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Table A.9: Performance comparison across six VQA tasks on the TomaAD dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Foundation Models

InternVL3 1B 79.28 0.442 42.96 0.429 45.98 0.459 29.40 0.290 31.74 0.306 71.86 0.718 50.20 0.441
InternVL3 2B 90.64 0.570 73.62 0.732 50.00 0.499 37.94 0.377 37.14 0.368 70.60 0.701 59.99 0.541
Qwen2.5 3B 83.03 0.641 43.07 0.390 61.46 0.605 24.43 0.235 56.04 0.557 65.67 0.592 55.62 0.503
Qwen3 2B 80.68 0.516 20.10 0.202 4.27 0.043 28.14 0.280 62.92 0.633 67.09 0.660 43.87 0.389
LLaVA-OV 79.28 0.442 19.10 0.120 23.62 0.096 26.38 0.218 45.85 0.410 61.56 0.600 42.63 0.314
LFM-VL 2.5 77.89 0.700 9.05 0.089 32.16 0.303 40.20 0.375 75.10 0.750 67.59 0.453 50.33 0.445
SigLIP2 22.91 0.204 8.79 0.088 16.58 0.166 26.38 0.255 0.21 0.190 50.50 0.349 20.90 0.177
SCOLD 35.66 0.356 38.94 0.384 67.59 0.675 10.05 0.100 5.39 0.054 53.02 0.438 35.11 0.335
BioCLIP 38.65 0.386 1.26 0.013 27.64 0.275 4.77 0.047 46.68 0.467 51.51 0.434 28.42 0.270

Vision Models

ResNet50 86.43 0.914 0.25 0.005 9.32 0.158 22.60 0.316 5.62 0.050 64.47 0.440 31.45 0.314
EfficientNetV2S 74.65 0.833 8.82 0.156 22.67 0.336 47.36 0.524 11.25 0.172 54.49 0.537 36.54 0.426
DenseNet121 87.03 0.922 2.02 0.040 6.80 0.120 48.87 0.534 0.00 0.000 50.70 0.545 32.57 0.360
InceptionResNetV2 82.04 0.897 2.02 0.019 3.78 0.068 26.95 0.351 2.50 0.020 58.28 0.522 29.26 0.313

Fine-tuned VLMs

CLIP 37.52 0.375 15.87 0.159 25.69 0.257 33.50 0.335 5.83 0.038 40.12 0.401 26.42 0.261
BioCLIP 47.11 0.471 7.05 0.070 15.62 0.156 61.46 0.615 2.71 0.020 46.51 0.465 30.08 0.299
SigLIP2 27.74 0.277 19.40 0.194 58.19 0.582 61.71 0.617 16.46 0.100 39.72 0.397 37.20 0.361
AgriCLIP 42.91 0.429 4.53 0.045 20.40 0.204 25.19 0.252 6.25 0.043 42.51 0.425 23.63 0.233
SCOLD 70.46 0.621 7.81 0.094 43.07 0.282 9.82 0.120 0.83 0.026 41.52 0.385 28.92 0.255
LLaVA 84.43 0.746 27.20 0.246 52.39 0.337 56.42 0.319 22.71 0.220 57.49 0.548 50.11 0.403

SOLAR 83.63 0.836 39.55 0.395 56.68 0.567 57.68 0.577 38.33 0.197 43.31 0.433 53.20 0.501

Table A.10: Performance comparison (ROUGEL and GPT ) across six VQA tasks on the TomaMMU
dataset.

Model HDC DC SNC PC SI LC Average

ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT

InternVL3 1B 0.987 4.595 0.871 2.474 0.840 2.230 0.965 3.033 0.897 2.782 0.993 4.749 0.926 3.311
InternVL3 2B 0.978 4.285 0.883 2.739 0.876 2.726 0.965 3.058 0.889 2.634 0.994 4.775 0.931 3.370
Qwen2.5 3B 0.980 4.354 0.875 2.630 0.885 2.937 0.965 3.041 0.888 2.620 0.992 4.709 0.931 3.382
Qwen3 2B 0.990 4.684 0.895 2.923 0.852 2.311 0.969 3.235 0.891 2.676 0.993 4.747 0.932 3.429
LLaVA-OV 0.987 4.595 0.866 2.413 0.837 2.014 0.961 2.807 0.883 2.358 0.993 4.729 0.921 3.153
LFM-VL 2.5 0.989 4.637 0.905 3.089 0.862 2.530 0.967 3.162 0.891 2.621 0.994 4.789 0.935 3.471

SOLAR 0.998 4.054 0.997 4.858 0.997 4.936 1.000 4.980 0.976 4.653 0.999 4.963 0.995 4.741

Table A.11: Performance comparison (ROUGEL and GPT ) across six VQA tasks on the TLID dataset.

Model HDC DC SNC PC SI LC Average

ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT

InternVL3 1B 0.996 4.877 0.819 1.634 0.841 1.005 0.927 1.042 0.872 1.377 0.995 4.816 0.908 2.459
InternVL3 2B 0.995 4.844 0.890 2.155 0.821 1.712 0.962 3.235 0.847 3.008 0.999 4.980 0.919 3.319
Qwen2.5 3B 0.993 4.767 0.873 2.064 0.803 1.890 0.929 1.000 0.862 1.980 0.994 4.798 0.909 2.750
Qwen3 2B 0.995 4.829 0.917 2.393 0.832 1.096 0.976 3.777 0.865 1.742 0.995 4.828 0.930 3.111
LLaVA-OV 0.941 3.116 0.891 1.896 0.838 1.901 0.929 1.027 0.852 2.194 0.989 5.000 0.906 2.522
LFM-VL 2.5 0.941 3.116 0.822 2.006 0.828 1.060 0.926 1.095 0.839 1.973 0.949 4.381 0.884 2.272

SOLAR 0.994 4.807 0.842 1.581 0.825 1.027 0.930 1.087 0.772 2.433 0.999 4.957 0.894 2.649
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Table A.12: Performance comparison (ROUGEL and GPT ) across six VQA tasks on the TLD-3 dataset.

Model HDC DC SNC PC SI LC Average

ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT

InternVL3 1B 0.987 4.595 0.871 2.474 0.840 2.230 0.965 3.033 0.897 2.782 0.993 4.749 0.926 3.311
InternVL3 2B 0.978 4.285 0.883 2.739 0.876 2.726 0.965 3.058 0.889 2.634 0.994 4.775 0.931 3.370
Qwen2.5 3B 0.980 4.354 0.875 2.630 0.885 2.937 0.965 3.041 0.888 2.620 0.992 4.709 0.931 3.382
Qwen3 2B 0.990 4.684 0.895 2.923 0.852 2.311 0.969 3.235 0.891 2.676 0.993 4.747 0.932 3.429
LLaVA-OV 0.987 4.595 0.866 2.413 0.837 2.014 0.961 2.807 0.883 2.358 0.993 4.729 0.921 3.153
LFM-VL 2.5 0.989 4.637 0.905 3.089 0.862 2.530 0.967 3.162 0.891 2.621 0.994 4.789 0.935 3.471

SOLAR 0.996 4.874 0.979 4.596 0.985 4.658 0.998 4.872 0.886 3.511 0.994 4.785 0.973 4.549

Table A.13: Performance comparison (ROUGEL and GPT ) across six VQA tasks on the TomaAD dataset.

Model HDC DC SNC PC SI LC Average

ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT ROUGEL GPT

InternVL3 1B 0.985 4.505 0.825 1.524 0.791 1.249 0.928 1.771 0.886 1.785 0.915 2.014 0.888 2.141
InternVL3 2B 0.988 4.609 0.823 1.947 0.783 1.191 0.940 1.741 0.868 2.710 0.939 2.900 0.890 2.516
Qwen2.5 3B 0.981 4.385 0.804 1.794 0.769 1.106 0.930 1.337 0.876 2.265 0.932 2.625 0.882 2.252
Qwen3 2B 0.982 4.425 0.859 1.723 0.798 1.287 0.927 2.096 0.875 2.013 0.915 2.062 0.893 2.268
LLaVA-OV 0.901 1.830 0.842 2.063 0.791 1.806 0.936 1.685 0.880 1.973 0.961 4.723 0.885 2.347
LFM-VL 2.5 0.901 1.827 0.823 1.559 0.806 1.642 0.909 1.356 0.816 1.994 0.915 2.634 0.862 1.835

SOLAR 0.980 4.345 0.903 3.098 0.911 3.282 0.970 3.390 0.817 3.156 0.937 2.732 0.920 3.334

Table A.14: Performance comparison of different vision encoders across six VQA tasks on the TomaMMU
dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

CLIP 98.59 0.986 96.97 0.970 96.45 0.965 98.73 0.987 89.35 0.849 99.11 0.991 96.53 0.958
BioCLIP 98.59 0.986 98.01 0.980 97.08 0.971 98.76 0.988 91.61 0.940 99.19 0.992 97.21 0.976
AgriCLIP 98.68 0.987 98.01 0.979 96.16 0.962 98.67 0.987 90.86 0.897 99.23 0.992 96.94 0.967
SCOLD 98.75 0.988 98.24 0.982 98.40 0.984 99.50 0.995 92.15 0.903 99.07 0.991 97.68 0.974

Table A.15: Performance comparison of different vision encoders across six VQA tasks on the TLID dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

CLIP 93.74 0.937 8.73 0.087 7.85 0.079 4.05 0.041 14.69 0.094 99.94 0.999 38.17 0.373
BioCLIP 96.10 0.961 0.08 0.001 0.04 0.000 0.92 0.009 3.53 0.035 97.07 0.971 32.96 0.329
AgriCLIP 81.68 0.817 16.41 0.164 29.81 0.298 30.44 0.304 19.33 0.131 99.13 0.991 46.13 0.451
SCOLD 95.18 0.952 0.79 0.008 0.67 0.007 2.17 0.022 4.49 0.032 98.92 0.989 33.70 0.335

Table A.16: Performance comparison of different vision encoders across six VQA tasks on the TLD-3 dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

CLIP 96.10 0.961 84.01 0.840 81.97 0.820 91.68 0.917 71.01 0.435 96.00 0.960 86.80 0.822
BioCLIP 97.79 0.978 80.13 0.801 80.83 0.808 91.74 0.917 68.51 0.685 92.24 0.922 85.21 0.852
AgriCLIP 95.49 0.955 80.09 0.731 76.76 0.768 92.89 0.929 69.52 0.447 95.78 0.958 85.09 0.798
SCOLD 96.86 0.969 91.19 0.823 91.35 0.913 96.79 0.968 79.22 0.510 94.62 0.946 91.67 0.855
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Table A.17: Performance comparison of different vision encoders across six VQA tasks on the TomaAD
dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

CLIP 84.43 0.844 20.15 0.201 17.38 0.174 69.52 0.695 7.92 0.043 46.31 0.463 40.95 0.403
BioCLIP 78.64 0.786 12.34 0.123 26.20 0.262 38.79 0.388 10.42 0.104 47.50 0.475 35.65 0.356
AgriCLIP 83.83 0.838 1.26 0.013 10.33 0.103 47.10 0.471 2.71 0.016 46.71 0.467 31.99 0.318
SCOLD 83.63 0.836 39.55 0.395 56.68 0.567 57.68 0.577 38.33 0.197 43.31 0.433 53.20 0.501

Table A.18: Performance comparison of different LLM backbones across six VQA tasks on the TomaMMU
dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Qwen 3 98.87 0.989 98.16 0.982 98.44 0.984 99.50 0.995 89.58 0.926 98.90 0.989 97.24 0.978
BioGPT 98.96 0.990 97.53 0.975 98.16 0.982 99.54 0.995 93.52 0.913 98.86 0.989 97.76 0.974
LFM-VL 2.5 98.75 0.988 98.24 0.982 98.40 0.984 99.50 0.995 92.15 0.903 99.07 0.991 97.68 0.974

Table A.19: Performance comparison of different LLM backbones across six VQA tasks on the TLID dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Qwen 3 95.38 0.954 0.88 0.009 1.67 0.017 2.25 0.022 6.16 0.062 99.17 0.992 34.25 0.343
BioGPT 95.59 0.956 0.58 0.006 0.63 0.006 0.42 0.004 4.78 0.037 90.01 0.900 32.00 0.318
LFM-VL 2.5 95.18 0.952 0.79 0.008 0.67 0.007 2.17 0.022 4.49 0.032 98.92 0.989 33.70 0.335

Table A.20: Performance comparison of different LLM backbones across six VQA tasks on the TLD-3
dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Qwen 3 97.72 0.977 81.97 0.820 91.64 0.916 97.38 0.974 72.80 0.495 95.04 0.95 89.42 0.855
BioGPT 98.28 0.983 91.97 0.832 91.52 0.915 96.97 0.970 78.50 0.511 95.32 0.953 92.09 0.861
LFM-VL 2.5 96.86 0.969 91.19 0.823 91.35 0.913 96.79 0.968 79.22 0.510 94.62 0.946 91.67 0.855

Table A.21: Performance comparison of different LLM backbones across six VQA tasks on the TomaAD
dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Qwen 3 84.23 0.842 28.72 0.287 37.53 0.375 59.45 0.595 26.25 0.143 48.10 0.481 47.38 0.454
BioGPT 82.83 0.828 29.72 0.297 36.02 0.360 55.92 0.559 35.62 0.179 49.10 0.491 48.20 0.452
LFM-VL 2.5 83.63 0.836 39.55 0.395 56.68 0.567 57.68 0.577 38.33 0.197 43.31 0.433 53.20 0.501
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Table A.22: Performance comparison of different MoE placement strategies across six VQA tasks on the
TomaMMU dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Dual MoE 98.96 0.990 98.61 0.986 98.78 0.988 99.54 0.995 94.37 0.926 99.21 0.992 98.25 0.979
Fusion MoE 98.91 0.989 96.70 0.957 97.26 0.973 99.30 0.993 91.51 0.902 98.44 0.984 97.02 0.966
Image MoE 98.75 0.988 98.24 0.982 98.40 0.984 99.50 0.995 92.15 0.903 99.07 0.991 97.68 0.974

Table A.23: Performance comparison of different MoE placement strategies across six VQA tasks on the
TLID dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Dual MoE 93.13 0.931 0.42 0.004 0.25 0.003 0.75 0.007 3.65 0.029 98.76 0.988 32.83 0.327
Fusion MoE 94.53 0.942 0.50 0.005 0.21 0.002 0.79 0.008 0.88 0.007 99.88 0.993 32.80 0.326
Image MoE 95.18 0.952 0.79 0.008 0.67 0.007 2.17 0.022 4.49 0.032 98.92 0.989 33.70 0.335

Table A.24: Performance comparison of different MoE placement strategies across six VQA tasks on the
TLD-3 dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Dual MoE 97.37 0.974 90.80 0.820 91.33 0.913 98.14 0.981 78.66 0.510 95.75 0.958 92.01 0.859
Fusion MoE 97.84 0.977 90.82 0.820 91.33 0.913 97.47 0.975 77.18 0.496 94.96 0.949 91.60 0.855
Image MoE 96.86 0.969 91.19 0.823 91.35 0.913 96.79 0.968 79.22 0.510 94.62 0.946 91.67 0.855

Table A.25: Performance comparison of different MoE placement strategies across six VQA tasks on the
TomaAD dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Dual MoE 83.63 0.836 17.13 0.171 53.15 0.531 47.86 0.479 16.04 0.082 54.29 0.543 45.35 0.44
Fusion MoE 85.23 0.850 22.17 0.222 51.13 0.511 52.64 0.526 26.88 0.137 58.28 0.581 49.39 0.471
Image MoE 83.63 0.836 39.55 0.395 56.68 0.567 57.68 0.577 38.33 0.197 43.31 0.433 53.20 0.501

Table A.26: Performance comparison of different MoE placement strategies across six VQA tasks on the
TomaMMU dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

W/o Fusion Adapter 98.87 0.989 96.64 0.966 96.72 0.967 99.32 0.993 92.62 0.909 99.03 0.990 97.20 0.969
W/o MoE 99.01 0.990 98.42 0.984 98.47 0.985 99.54 0.995 93.78 0.919 99.01 0.990 98.04 0.977
SOLAR 98.75 0.988 98.24 0.982 98.40 0.984 99.50 0.995 92.15 0.903 99.07 0.991 97.68 0.974
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Table A.27: Performance comparison of different MoE placement strategies across six VQA tasks on the
TLID dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

W/o Fusion Adapter 94.73 0.947 0.25 0.003 0.17 0.002 0.25 0.003 8.96 0.067 99.92 0.998 34.05 0.337
W/o MoE 91.72 0.917 0.42 0.004 0.71 0.007 0.50 0.005 7.35 0.048 99.94 0.999 33.44 0.330
SOLAR 95.18 0.952 0.79 0.008 0.67 0.007 2.17 0.022 4.49 0.032 98.92 0.989 33.70 0.335

Table A.28: Performance comparison of different MoE placement strategies across six VQA tasks on the
TLD-3 dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

W/o Fusion Adapter 98.17 0.982 91.27 0.824 91.80 0.918 97.22 0.972 78.53 0.507 95.21 0.952 92.03 0.859
W/o MoE 97.47 0.975 89.57 0.808 88.82 0.888 95.01 0.950 77.45 0.507 95.05 0.951 90.56 0.846
SOLAR 96.86 0.969 91.19 0.823 91.35 0.913 96.79 0.968 79.22 0.510 94.62 0.946 91.67 0.855

Table A.29: Performance comparison of different MoE placement strategies across six VQA tasks on the
TomaAD dataset.

Model HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

W/o Fusion Adapter 86.63 0.864 22.67 0.227 45.09 0.451 65.49 0.652 32.92 0.177 57.09 0.571 51.65 0.490
W/o MoE 85.03 0.850 23.43 0.234 34.01 0.340 46.35 0.464 14.37 0.074 53.29 0.533 42.75 0.416
SOLAR 83.63 0.836 39.55 0.395 56.68 0.567 57.68 0.577 38.33 0.197 43.31 0.433 53.20 0.501

Table A.30: Performance comparison of different MoE configurations (n and k) on the TomaMMU dataset.

n k HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

4 2 98.75 98.75 98.24 98.24 98.40 98.40 99.50 99.50 92.15 90.27 99.07 99.07 97.68 97.37
6 1 98.78 98.78 96.39 96.39 96.66 96.66 98.69 98.69 91.07 89.16 99.25 99.25 96.81 96.49
6 2 98.92 98.60 95.77 97.30 97.39 98.20 99.36 99.60 92.79 88.10 99.17 98.80 97.23 96.77
8 2 98.91 98.91 97.55 97.55 97.10 97.10 99.03 99.03 92.58 91.45 99.23 99.23 97.40 97.21

Table A.31: Performance comparison of different MoE configurations (n and k) on the TLID dataset.

n k HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

4 2 95.18 95.18 0.79 0.79 0.67 0.67 2.17 2.17 4.49 3.17 98.92 98.92 33.70 33.48
6 1 47.12 47.12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7.85 7.85
6 2 96.48 98.20 4.80 9.20 2.71 5.30 0.58 1.20 4.72 9.40 96.10 98.00 34.23 36.88
8 2 96.54 96.54 0.25 0.25 0.33 0.33 0.33 0.33 1.19 0.89 99.53 99.53 33.03 32.98
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Table A.32: Performance comparison of different MoE configurations (n and k) on the TLD-3 dataset.

n k HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

4 2 96.86 96.86 91.19 82.30 91.35 91.35 96.79 96.79 79.22 51.05 94.62 94.62 91.67 85.50
6 1 91.29 91.29 38.41 31.52 47.65 47.65 49.00 49.00 39.27 26.06 50.18 50.18 52.63 49.28
6 2 98.53 97.70 90.49 95.20 90.99 95.70 97.32 99.10 79.25 58.40 95.68 95.30 92.04 90.23
8 2 98.33 98.33 91.07 82.17 91.95 91.95 97.36 97.36 77.49 50.61 95.36 95.36 91.93 85.96

Table A.33: Performance comparison of different MoE configurations (n and k) on the TomaAD dataset.

n k HDC DC SNC PC SI LC Average

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

4 2 83.63 83.63 39.55 39.55 56.68 56.68 57.68 57.68 38.33 19.69 43.31 43.31 53.20 50.09
6 1 79.24 79.24 0.00 0.00 0.00 0.00 73.05 73.05 0.00 0.00 49.62 49.62 33.65 33.65
6 2 87.43 85.40 33.75 55.70 40.30 41.30 45.34 60.50 18.75 14.80 53.49 71.00 46.51 54.78
8 2 86.03 86.03 21.41 21.41 52.39 52.39 43.32 43.32 15.42 8.02 52.89 52.89 45.24 44.01
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