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ABSTRACT: Existing methods for tracing water pollution sources typically integrate three-dimensional excitation-
emission matrix (3D-EEM) fluorescence spectroscopy with similarity-based matching algorithms. However, these
approaches exhibit high error rates in borderline cases and necessitate expert manual review, which limits scalability
and introduces inconsistencies between algorithmic outputs and expert judgment. To address these limitations, we
propose a large vision-language model (VLM) designed as an “expert agent” to automatically refine similarity scores,
ensuring alignment with expert decisions and overcoming key application bottlenecks. The model consists of two core
components: (1) rule-based similarity calculation module generate initial spectral similarity scores, and (2) pre-trained
large vision-language model fine-tuned via supervised learning and reinforcement learning with human feedback
(RLHF) to emulate expert assessments. To facilitate training and evaluation, we introduce two expert-annotated
datasets, Speclk and SpecReason, which capture both quantitative corrections and qualitative reasoning patterns,
allowing the model to emulate expert decision-making processes. Experimental results demonstrate that our method
achieves 81.45% source attribution accuracy, 38.24% higher than rule-based and machine learning baselines. Real-world
deployment further validates its effectiveness.

KEYWORDS: Vision-language model; reinforcement learning with human feedback; pollution source tracing; 3D
fluorescence spectroscopy

1 Introduction

Reliable identification of water pollution sources is fundamental to effective water quality management,
as it enables regulators to implement targeted remediation and control pollutant discharges. Among available
analytical techniques, 3D-EEM fluorescence spectroscopy [1,2] has emerged as a widely adopted method
for characterizing dissolved organic matter and identifying its potential sources. In practice, source tracing
typically follows a two-step workflow: initial algorithmic similarity-based matching [3,4] followed by
manual expert review [5]. While this process ensures essential validation, it introduces inefliciencies and
inconsistencies between algorithmic outputs and expert judgments. To reduce this gap, our goal is to learn
a model that can perform the same revision step as human experts, i.e., an expert agent that takes the baseline
similarity result together with spectral and contextual evidence and outputs an expert-aligned similarity with
an explicit rationale.
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Traditional rule-based and machine learning approaches have advanced spectral analysis but still
exhibit significant limitations in complex or boundary cases. Deterministic similarity metrics, such as
Euclidean or cosine distance [6,7], often misinterpret weak or overlapping spectral peaks and fail to
incorporate contextual information, such as sampling conditions or hydrological background [8]. While
machine learning models (e.g., random forests, convolutional neural networks, transformers) [9,10] offer
improved numerical accuracy, they lack interpretability, hindering expert understanding of similarity score
derivation and limiting their ability to guide model correction when errors arise. Consequently, algorithmic
predictions frequently deviate from expert assessments, necessitating repeated manual review and impairing
operational efficiency.

Fig. 1illustrates the existing workflow and our proposed model framework. In the traditional workflow,
a baseline similarity is first generated based on 3D-EEM spectra and a similarity algorithm. Human experts
then review the spectral images, baseline results, and contextual metadata, revising the baseline similarity
and providing corrections and reasoning logs. These are two separate processes, and each test ultimately
relies on real-time human expert participation, which is costly. We found that these expert reviews not only
validate and optimize the algorithm results but also provide valuable supervisory information reflecting the
experts’ cognitive logic. Building on this, our work transforms these two independent algorithm-expert
processes into an integrated learning framework in which the model is trained to behave as the expert
reviewer. Specifically, the learned expert agent receives the same evidence used in manual review (spectral
image, baseline score/peaks, and contextual metadata), and outputs a refined similarity estimate together
with a human-readable explanation that mirrors expert correction behavior.
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Figure 1: The proposed RLHF-guided multimodal framework. The first part illustrates the similarity assessment in
existing methods: a baseline similarity score is first computed from the 3D-EEM spectrum, followed by expert adjust-
ment based on contextual information and domain experience to yield the final similarity—two distinct and sequential
steps. The second part presents our framework: a baseline similarity is first generated using the proposed calculation
method; then, the spectral image, baseline score, and encoded expert knowledge are fed into a large multimodal model
that acts as an expert agent, producing an expert-aligned similarity score accompanied by interpretable reasoning.
During inference, the model performs expert-style revision autonomously, without requiring real-time expert input.

Recent studies have demonstrated that RLHF [11-14] enables VLMs to adapt effectively to private or
domain-specific applications. For instance, a study [15] applied RLHF to enhance factual grounding and
reduce hallucination in image-caption reasoning. Another study [16] optimized VLMs as decision-making
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agents in constrained interactive environments using reinforcement learning. In autonomous driving
scenarios, a study [17] introduced a reasoning-enhanced VLM tailored for closed-domain visual question
answering. These examples indicate that RLHF is an effective strategy to customize general-purpose VLMs
for specialized fields where standard supervised fine-tuning is insufficient. However, their application to
3D-EEM similarity matching for pollution source tracing remains underexplored, particularly in addressing
the workflow-specific challenges outlined above: fusing spectral visuals with contextual metadata, encoding
expert reasoning for boundary cases, and maintaining interpretability in decision-making.

To address these challenges, we propose a domain-specific large vision-language model guided by RLHE,
explicitly designed and trained for 3D-EEM fluorescence spectroscopy similarity calculation, termed
Fluorescence Spectroscopy Similarity via a large Vision-Language Model (FSS-VLM). We use standard
VLM backbones and SFT/RLHF-style training, and contribute a workflow-adaptive calibration methodology
tailored to this task. In this paper, expert agent specifically refers to this trained VLM component that
internalizes the manual expert-review stage: given the spectral image, the baseline similarity output (and
associated peak information), and contextual metadata, it produces an expert-aligned refined similarity score
together with interpretable reasoning. FSS-VLM comprises two main components: (1) a similarity calculation
module, combining rule-based and machine learning methods to compute initial spectral similarity; and
(2) a pre-trained large multimodal model, which learns expert correction knowledge via supervised fine-
tuning and RLHF to generate similarity assessments consistent with expert judgment. To enhance the
model’s acquisition of expert knowledge in pollution source tracing, we construct two datasets, Speclk and
SpecReason, grounded in expert reasoning logic, optimization behaviors, and preferences, for fine-tuning the
pre-trained model. Both datasets encode expert-corrected similarity scores and detailed reasoning chains,
enabling effective learning across typical boundary cases. In the experimental evaluation, we leverage two
expert-annotated datasets, Speclk and SpecReason, collected from real-world environmental monitoring
cases, to rigorously assess the proposed model’s effectiveness in pollution source tracing. The experiments
evaluate core capabilities including multimodal feature fusion, accurate identification of diagnostically
weak spectral peaks, consistency with expert judgment, and robustness in complex boundary scenarios.
We benchmark FSS-VLM against widely used approaches such as rule-based similarity calculation, cosine
similarity, random forests, and convolutional neural networks.

Experimental results demonstrate that FSS-VLM consistently outperforms all comparison methods,
achieving both superior numerical precision and significantly enhanced expert alignment. Notably, our
method attains an Expert Acceptance Rate of 81.45%, representing a 38.24% improvement over the
strongest traditional baseline. Furthermore, in real-world deployment, FSS-VLM successfully detected
critical weak-peak signatures that conventional algorithms overlooked, effectively reducing misclassification
and minimizing manual review requirements. These findings confirm that FSS-VLM narrows the long-
standing gap between deterministic similarity metrics and human expertise, providing a scalable and reliable
intelligent decision-support solution for practical water environment regulation.

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

o We construct two expert-curated multimodal datasets, Speclk and SpecReason, to support fine-tuning
of large multimodal models for pollution source tracing.

o We propose the first RLHF-based large multimodal model framework for pollution source tracing,
effectively replacing manual expert review, significantly reducing operational costs.

o  Experimental results show that the proposed method substantially outperforms existing approaches in
consistency, interpretability, and efficiency.



4 Comput Mater Contin. 2026;87(2):80

2 Related Work
2.1 3D-EEM Spectroscopy for Pollution Source Tracing

3D-EEM fluorescence spectroscopy is a core tool for characterizing dissolved organic matter in aquatic
systems, enabling pollution source attribution by matching spectral “fingerprints’of unknown samples to
reference sources [1,2]. Early work established that specific peaks indicate pollution types: protein- or
tryptophan-like signals link to domestic sewage, while humic- or fulvic-like signals stem from industrial or
terrestrial sources [2,3], framing source tracking as a spectral similarity task [3,4].

Traditional methods use rule-based peak extraction and deterministic metrics (e.g., adaptive thresh-
olding, weighted Euclidean/cosine similarity) [6,18]. Though efficient and interpretable, they struggle with
weak or overlapping peaks and noise, often underestimating diagnostic features by experts [8,10,18]. Recent
ML approaches, such as random forests and CNN, learn similarity directly from data, improving accuracy
for complex mixtures [9,19]. Yet they act as “black boxes,” lack interpretability, degrade under low signal-
to-noise conditions or novel scenarios, and cannot incorporate contextual metadata crucial for expert
judgment [4,10].

2.2 RLHF and LLMs for Domain Knowledge Integration

RLHF and LLMs have shown significant potential in fusing structured data with domain expertise across
fields such as natural language processing, computer vision, and healthcare [11-14]. RLHF [13] addresses
the limitations of pure supervised learning by iteratively refining models using human preference signals,
while LLMs excel at integrating structured data (e.g., images, tabular features) with unstructured domain
knowledge. Studies [11,12] showed that RLHF can align model outputs with human cognitive logic, but
their work focused on general language tasks rather than multimodal spectral data. In environmental
science, preliminary work has explored the use of LLMs for tasks like interpreting water quality reports and
summarizing environmental monitoring data. For example, study [14] demonstrated that LLMs can assist in
organic chemistry analysis by converting complex spectral data into human-readable insights, highlighting
their potential for integrating domain-specific knowledge. However, few studies have applied RLHF to
refine 3D-EEM spectral similarity scores for pollution source tracing. To date, applications in environmental
science have primarily emphasized LLM-assisted reporting and decision support rather than RLHF-based
refinement of spectral similarity scoring for source tracing.

2.3 Multimodal Fusion and Interpretable Model in Environmental Analysis

Interpretability and multimodal data integration are essential for bridging laboratory-based spectral
analysis with real-world water quality management [5,10]. Existing studies have explored combining spectral
data with auxiliary environmental information to enhance model robustness [19]. For instance, Xu et al. [19]
employed an interpretable attention mechanism to integrate 3D-EEM features with hydrological metadata.
However, these approaches are typically based on traditional machine learning or shallow neural networks
rather than true VLM. Consequently, they are unable to jointly reason over visual spectra and textual
metadata in a unified multimodal space. Moreover, none of the existing models are specifically designed
for fluorescence spectroscopy: they often fail to recognize diagnostically critical weak or overlapping peaks
and cannot capture the expert reasoning process underlying similarity correction. This gap underscores
the need for a dedicated framework that (1) fuses 3D-EEM fluorescence images, contextual metadata, and
baseline similarity scores; (2) leverages RLHF to align predictions with expert judgment; and (3) produces
interpretable reasoning chains to justify similarity adjustments.
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3 Methodology
3.1 Overview of FSS-VLM

The proposed FSS-VLM follows an RLHF-guided multimodal framework to bridge the gap between
algorithmic spectral matching and expert judgment in 3D-EEM-based pollution source tracing. In this work,
the expert agent refers to the trained vision-language model component that emulates the manual expert-
review stage: given a spectral image, the baseline similarity result, and contextual metadata, it revises the
baseline toward expert judgment and produces an interpretable rationale. The overview of FSS-VLM is
shown in Fig. 2. FSS-VLM consists of three sequential stages: Baseline Matching, Expert-Guided Dataset
Construction, and VLM Fine-Tuning.

Stage 2. Expert-Guided Dataset Construction
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Figure 2: The Overview of FSS-VLM. The training process consists of three stages: 1) Baseline Matching: computing
the baseline similarity from the peak list using a similarity algorithm; 2) Expert-Guided Dataset Construction: human
experts, leveraging auxiliary sample information and domain experience, revise the baseline similarity to obtain
corrected similarity scores and corresponding reason, which are used as ground truth for dataset construction; and 3)
VLM Fine-Tuning: the VLM is fine-tuned on the constructed dataset to align its outputs—adjusted similarity scores and
associated reasoning—with expert reason. During inference (indicated by the black arrows), the proposed FSS-VLM
operates autonomously without human expert involvement, yet achieves performance comparable to that of human
experts.

Stage 1. Baseline Matching: This stage provides a reproducible computational foundation and generates
the baseline evidence that will later be revised by the expert agent. Before similarity calculation, each spectrum
is preprocessed via Intensity Normalization, Scattering Interference Removal, and Gaussian Smoothing.
After preprocessing, key fluorescence features are extracted and summarized as a peak list. Each peak is
represented as p = (Ex, Em, I'), where I is the normalized intensity. We categorize peaks into diagnostically
significant major peaks and minor peaks by intensity: a peak is labeled as major if I > 0.15I,,¢x within the
same spectrum, and minor otherwise.

Given an unknown sample peak set , and a reference peak set ,, we formulate peak alignment as
a bipartite matching (assignment) problem and solve for an optimal matched pair set M c P, x P, that
minimizes the total matching cost based on peak proximity in the (Ex, Em, I') space. After obtaining M, we
aggregate (i) Euclidean distances for matched peaks and (ii) penalties for unmatched peaks. The baseline
distance is defined as

Dypase = Z We(p) “P - qHZ + Z Pt(p) + Z Pt(q)> @
(p.g)eM pelly 9et;
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where t(-) € {major, minor} denotes peak type, U, and U, are the unmatched peaks in £, and P,,
respectively, w; is the type-dependent weight for matched-peak distances, and p; is the type-dependent
penalty for unmatched peaks. To reflect diagnostic importance, we set larger weights/penalties for major
peaks than for minor peaks, and in particular pmajor = 10 Prinor» SO that missing a diagnostic (major) peak
results in a substantially larger distance increase, which strongly suppresses similarity in accordance with
expert practice.

Finally, the aggregated distance is monotonically mapped to a similarity score in [0,100]: Spase =
100 - ¢(Dbase) > ¢(-) € [0,1] yielding the baseline similarity used in later stages for expert correction and
model alignment. Although this distance-based baseline is stable and performs well in many cases, it may
still deviate from expert judgment under challenging conditions such as weak peaks, peak overlap, or
context-dependent ambiguity, motivating expert-style revision by the expert agent.

Stage 2. Expert-Guided Dataset Construction: To train the expert agent to perform expert-style
revision conditioned on the baseline output, we construct expert-annotated datasets that explicitly capture
(i) how experts correct baseline similarities and (ii) why the correction is justified. Two datasets are
built: SpecReason and Speclk. SpecReason teaches the model expert reasoning logic through detailed
annotations, while Speclk supports preference alignment (via RLHF) so that the agent’s revised similarity
scores match expert judgment. Domain experts with over five years of experience in 3D-EEM interpretation
manually review baseline outputs to identify cases where algorithmic results significantly deviate from
expert assessments. For each flawed baseline case, we collect two complementary annotations: (a) a corrected
similarity score, cross-validated by a third senior analyst (inter-expert Kappa = 0.92) to ensure objectivity;
and (b) an explicit reasoning chain describing the evidence and cognitive logic underlying each correction
(e.g., peak presence/absence, weak-peak diagnostics, overlap disambiguation, and the role of contextual
metadata).

Stage 3. VLM Fine-Tuning: We fine-tune a pre-trained VLM to become the expert agent using
SpecReason and Speclk, by explicitly structuring its inputs and outputs to mirror the human expert-review
workflow. We design a multimodal prompt template that integrates three key inputs: (1) the preprocessed 3D-
EEM spectral image, (2) the baseline similarity score and associated peak list, and (3) contextual metadata
(e.g., sampling location, environmental conditions, instrument type). This prompt design is crucial: it forces
the expert agent to ground its revision on the same information sources used by human experts, and to
output both a refined similarity and an explanation. Training instance follows a specific format that guides
the VLM through the expert cognitive procedure, jointly considering visual spectral patterns, quantitative
baseline evidence, and domain-relevant context.

With the designed prompt, the VLM undergoes a two-phase optimization process inspired by
DeepSeek-R1 [20]. First, SFT enables the model to internalize expert reasoning from SpecReason, learning
how to connect spectral characteristics and contextual cues to correction logic. Second, RLHF further
aligns the agent’s revised similarity predictions with expert preferences using Speclk, improving numerical
consistency with expert judgment while preserving interpretability. Together, SFT+RLHF trains the VLM
to act as an expert agent that autonomously revises baseline similarity results and generates transparent
reasoning chains, thereby approximating both the outcome and the rationale of manual expert review.

3.2 Dataset Construction

The data preparation pipeline ensures that all spectral, contextual, and expert-derived information is
standardized and ready for multimodal model training. The process includes three sequential stages: Raw
Data Collection, Data Preprocessing, and Dataset Construction.
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Raw Data Collection: All data used in this paper were derived from real-world environmental
monitoring cases to ensure ecological relevance and practical applicability. A total of 2000 water samples
were collected from diverse monitoring sites and paired into 1000 sample pairs for subsequent analysis (each
pair consists of an unknown sample and a reference sample). Each sample pair contains multimodal evidence
required for training, as summarized in Table 1.

Table 1: Core components of each sample pair.

Data Component Specific Content
3D-EEM Spectral Images Ex: 220-600 nm, Em: 230-650 nm, spectral resolution = 5 nm
Extracted Peak List Top 10 peaks ranked by intensity (Ex/Em, intensity)
Baseline Similarity Score Calculated via weighted Euclidean distance
. 300-500 words (derivation of expert revision; SpecReason
Expert Reasoning Process
only)
Expert-Adjusted Score [0, 100], verified via Kappa = 0.92
Contextual Metadata Geographic coordinates, sampling date, pollution history

Data Preprocessing: Before constructing the datasets, each spectrum is preprocessed through the
following steps: (1) Intensity Normalization: raw spectral intensities are normalized to the range [0, 1] to
eliminate intensity variations caused by differences in instrument sensitivity, ensuring sample comparability;
(2) Scattering Interference Removal: Rayleigh and Raman scattering signals are removed to prevent them from
obscuring diagnostically critical weak peaks; (3) Gaussian Smoothing: a Gaussian smoothing filter with a
standard deviation of ¢ = 1.5 is applied to reduce high-frequency noise and improve the signal-to-noise ratio.
This smoothing operation enhances the detectability of weak fluorescence peaks while preserving the overall
spectral shape, thereby supporting more robust peak extraction and similarity analysis in downstream tasks.

Dataset Construction: Two complementary datasets, SpecReason and Speclk, were constructed from
the same pool of 1000 sample pairs but differ substantially in scale because they serve different training
purposes. SpecReason is designed to demonstrate the expert calculation pattern to the VLM. For each pair
in SpecReason, domain experts write a step-by-step derivation describing how they revise the baseline
similarity by analyzing peak evidence and contextual metadata. This reasoning annotation is intentionally
detailed (approximately 300-500 words per pair) and requires careful expert effort and cross-checking,
which makes large-scale collection expensive. Therefore, SpecReason contains 30 carefully selected pairs
via stratified sampling to maximize coverage of representative boundary scenarios (weak peaks, noise
interference, overlapping peaks, mixed-source pollution, and abnormal peak shapes), providing a compact
but high-fidelity curriculum for supervised fine-tuning. SpecReason is intentionally small and is curated
as demonstration-style supervision to illustrate expert reasoning patterns; it is not intended to provide
statistically sufficient coverage for broad generalization. Our ablation results verify its functional role in the
overall workflow.

In contrast, Speclk is designed for RLHF preference alignment and reward modeling, where training
stability and similarity-score calibration benefit from a larger and more diverse set of pairs. Since Speclk does
not require long-form derivation text, it can be collected at a much larger scale. Speclk therefore includes
all 1000 pairs, consisting of 586 expert-revised cases and 414 correctly estimated cases. This composition
allows the model to learn both when to adjust the baseline and when to keep it unchanged. For each pair,
spectral matrices were cleaned, the top 10 peaks extracted, rule-based similarity computed, and paired
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spectral images resized to 911 x 590 pixels. Structured prompts combine visual, numerical, and contextual
information for training.

To support effective fine-tuning of the vision-language model, we design a structured multimodal data
format that integrates spectral images, quantitative similarity scores, peak lists, contextual metadata, and
expert supervision signals.

Asillustrated in Fig. 3, SpecReason provides expert-written step-by-step derivations to guide supervised
fine-tuning toward expert-style reasoning and explanation, while SpecIk provides scaled expert-adjusted
scores for reward modeling and preference alignment in the RLHF stage. This division enables the model to
learn the correction pattern from a small number of high-quality reasoning demonstrations, and to achieve
stable numerical alignment with expert judgments from a larger set of diverse pairs.

Sample Type Images Peak Lists B Similarity ~ C Similarity C Similarity Range Reason(sft) Meta Info
a:[(281,349,864),
(229,349,1167), <reason> lae
(237,373,961), Adjustment Reason: ... Env
(277,369, 801), Visual Observation: ...
SpecReason (242,391,890)] 51.81 89.51 [85.00,92.00]  pocmio Instru
b:[(278,336,1084), Adjustment Calculation: ...
(230,346,1551), </reason>
(243,391,859)]

a:[(281,349,864),
(229,349,1167),
(237,373,961), Loc
(277,369, 801), 79.66 98.35 [93.00, 99.00] / Env
(242,391,890)] Instru

i b:[(278,336,1084),
(230,346,1551),
(243,391,859)]

Spec1k

Figure 3: Data structure of the SpecReason and Speclk datasets. Fields include paired 3D-EEM spectra, peak lists,
baseline similarity (B similarity), corrected similarity (C similarity), confidence ranges, metadata, and expert reasoning.
Expert reasoning is only present in SpecReason and is marked with “/” for Speclk.

A statistical distribution of correction categories is presented in Table 2. The results show that most
expert revisions involve peak overlap and weak-peak diagnostics, underscoring the limitations of purely
algorithmic baselines in capturing complex spectral cues and motivating the need for expert-style revi-
sion learning. We emphasize that SpecReason and Speclk are curated datasets and are not intended to
be statistically representative of all real-world 3D-EEM pollution scenarios. In particular, SpecReason is
intentionally constructed with expert-selected boundary cases to capture correction behavior and elicit
expert-style rationales, whereas Speclk provides broader preference signals but still covers only a limited
subset of the full variability encountered in deployment. Such boundary-case curation may introduce a
selection bias by over-representing difficult spectra, which can affect calibration and generalization when
the test-time distribution differs from the curated set. We therefore view dataset coverage as a limitation and
recommend continual data expansion and monitoring in practical use.

Table 2: Distribution of correction types in the SpecReason and Speclk datasets.

Correction Type Description SpecReason Speclk
Multiple peaks Overlapping or excessive peaks 5 283
Missing peaks Weak but important peaks missed 5 58

Peak shape anomaly Irregular peak width or spectral shift 5 124
High background noise affecting

Noise interference 5 62

similarity

(Continued)
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Table 2 (continued)

Correction Type Description SpecReason Speclk
Sewage-related cue Signals indicative of domestic sewage 5 59
Correctly calculated No adjustment needed 5 414
Total 30 1000

3.3 Training Process of FSS-VLM

FSS-VLM is trained to act as an expert agent that replaces the manual expert-review stage in 3D-EEM
similarity assessment. Given the same evidence used in expert review, including the spectral image, baseline
similarity, and contextual metadata, the expert agent is expected to (i) revise the baseline similarity toward
expert judgment and (ii) provide an interpretable explanation. Accordingly, the training procedure consists
of three steps: selecting a base VLM, specifying the multimodal input/output format, and optimizing the
model in two stages, SFT followed by RLHE.

Base Model Selection. We adopt Qwen2.5-VL [21] as the multimodal backbone due to its strong
vision-language capability and fine-grained visual perception, which are important for interpreting weak
or overlapping spectral peaks in 3D-EEM images. In addition, our RLHF training framework VERL
provides mature and stable support for Qwen2.5-VL, enabling efficient preference alignment and reliable
training/inference in our pipeline.

Model Input/Output Format. During FSS-VLM training, each instance consists of two parts: System
Instructions and Sample Information. The system instructions define the model as a 3D-EEM spectral
similarity expert agent that performs expert-style revision based on multimodal evidence. The sample
information integrates (1) paired spectral images (911 x 590 pixels), (2) extracted peak lists (up to 10 peaks
per sample), (3) baseline similarity scores, and (4) contextual metadata such as sampling location and
contamination history.

As shown in Fig. 4, the output format requires the model to generate a <reason> section describing
the inference and revision logic, and a <similarity> section providing the refined similarity score. This
structured design ensures that the model receives all cues needed for expert-style reasoning and produces
both quantitative corrections and qualitative justification.

Input Format Output Format
System Instrution: Sample Info: Output Info:
You are an expert in similarity Input: <reason>
calculation of three-dimensional  Visual Information: Adjustment Reason: ...
fluorescence spectra. Please an- fig_a= <image>{fig_path_a}
alyze the visual information of fig_b= <image>{fig_path_b} Visual Observation: ...
two water quality three-dimensi-  peak Information:
onal fluorescence samples and peaks_a = {peaks_a} Decision: ...
determine whether similarity ad- peaks_b = {peaks_b}
justment is required. The Meta Information: Adjustment Calculation: ...
output format is as follows: meta_info = {meta_info} </reason>
<reason> </reason> Rule-Based Similarity:
<similarity> xx.xx </similarity> baseline_similarity = {similarity} <similarity> ... </similarity>

Figure 4: Overview of the structured multimodal prompt used for FSS-VLM training and inference. The prompt
(Continued)
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Figure 4: (continued) consists of two main components: System Instructions, which define the model as a 3D-EEM
spectral similarity expert agent, and Sample Information, which integrates spectral images, extracted peak lists, baseline
similarity scores, and contextual metadata. The model outputs an expert-style reasoning explanation (<reason>)
and a refined similarity score (<similarity>), enabling both quantitative correction and qualitative justification
consistent with human experts.

SFT Stage. We first perform supervised fine-tuning as demonstration-based human feedback to teach
the model the expert derivation pattern for revising similarity scores. Specifically, we use SpecReason, where
each pair contains a step-by-step expert-written derivation that explains how experts combine peak evidence
and contextual metadata to justify similarity revision. During SFT, the expert agent is trained to imitate
the expert-provided output. We optimize the model with the cross-entropy loss to minimize the divergence
between the generated tokens and expert annotations:

v
Lcp(0) = _%ZZ)’t,klog(Pt,k)’ (2)

t=1 k=1

where T denotes the length of the target output sequence in tokens (including expert reasoning and the score
field), V is the vocabulary size, y; x indicates whether the k-th token is the ground-truth token at position ¢,
and p, x is the predicted probability of token k at position ¢. This stage mainly shapes the model’s expert-style
reasoning behavior and ensures that its explanations follow expert logic.

RLHF Stage. After SFT, we further align the model’s similarity scores with expert preferences using
RLHF with GRPO [22]. Instead of training a separate reward model, we directly quantify human feedback
using the expert-accepted similarity scores in Speclk (1000 pairs). For each pair, the expert-adjusted similarity
score on a 0-100 scale is normalized to [0, 1] as Sexpert. The model prediction Speq € [0, 1] is parsed from the
<similarity> field (after normalization).

We define a single task-specific reward function:
0, if yis invalid,

R()A)a Sexpert) = 3)
1= A[Sprea($) — Sexpert|» otherwise,

where § denotes a sampled model output, Spreq () is the similarity score extracted from , and we set A =
1 so that R € [0,1]. For each input instance, we sample K = 8 candidate outputs, compute rewards for all
candidates using the above function, and update the policy toward higher expected reward under GRPO.
The GRPO policy loss follows a PPO-style clipped surrogate:

Larpo(0) = ~E.Ejey k| min(p;d;, clip(pj1- 7,1+ 7)4 ;)] + BEL[KL(mo (1) | mrer(12))], (4)

where p; is the importance ratio between the updated and sampling policies, 7 is the clipping range and f3
controls KL regularization to the reference policy 7. (initialized from SFT).

4 Experiments
4.1 Implementation Details

SFT was implemented using the LLaMAFactory [23] framework for one epoch with a batch size of 16
and an initial learning rate of 4e-5. Training was performed on two NVIDIA A100 GPUs (40 GB each). RLHF
was carried out using the VERL [24] framework for 15 epochs, employing the GRPO optimization algorithm.
The batch size was 16, the initial learning rate was 2e-5 (decayed to 2e-6 using cosine annealing), and
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early stopping was applied when validation perplexity failed to improve for three consecutive epochs. RLHF
training was executed on eight NVIDIA A800 GPUs (80 GB each), with each epoch requiring approximately
1.2 h. A fixed random seed (42) was used for all experiments to ensure reproducibility. The dataset was
split into training, validation, and test sets at a ratio of 8:1:1. To ensure fair comparison, we use the same
train/validation/test splits for all methods.

Compared baselines. We compared FSS-VLM with representative non-LLM baselines, including cosine
similarity, a distance-based peak-matching method, a random forest regressor (RF), and a CNN-based
model. These baselines use two different input modalities: (1) image-based input for CNN, where each
sample pair is represented by two rendered 3D-EEM spectral images; and (2) peak-list-based input for
cosine, distance, and RE, where each spectrum is represented by its extracted peak list (top-10 peaks ranked
by intensity, each peak as (Ex, Em, I)), following the same preprocessing and peak extraction procedure used
in our pipeline.

CNN baseline. We adopt an ImageNet-pretrained ResNet50 [25] backbone as the feature extractor,
remove the final classification layer, and project the pooled feature into a 128-d embedding via a small MLP.
The two embeddings are concatenated and passed to a regression head to output a similarity score, which is
scaled to the range [0,100]. The CNN baseline is trained in a supervised regression manner on the training
split to predict the expert-adjusted similarity score, and model selection is performed on the validation
split. We keep the ImageNet-pretrained ResNet50 backbone frozen and fine-tune only the newly added MLP
projection and regression head.

RF baseline. For RF, we use RandomForestRegressor [26] implemented with scikit-
learn’s [27] with n_textestimators = 100, max_depth = None, min_samples_split =
2,min_samples_leaf = 1,max features = ‘sqgrt’,random _state = 42.Theinputisa
fixed-length numeric feature vector derived from the two peak lists in a pair (flattened and zero-padded when
fewer than 10 peaks are present), and the regressor is trained to predict the expert-adjusted similarity score
on the training split. RF uses the default settings from scikit-learn, and no validation tuning was performed.

Cosine and distance baselines. Cosine similarity is computed directly from peak-list-based feature
vectors without learning. The distance-based baseline uses bipartite peak matching to align peaks between
two spectra, aggregates matched-peak Euclidean distances, adds type-dependent penalties for unmatched
peaks (with larger penalties for diagnostically significant peaks), and then maps the aggregated distance
to a similarity score in [0,100]. These non-learning baselines do not require training and are applied
deterministically to all splits.

4.2 Evaluation Metrics

To comprehensively assess both numerical precision and expert-level consistency, five evaluation
metrics were employed: Accuracy@n, Expert Acceptance Rate (EAR), and Mean Absolute Error (MAE).
Accuracy@n measures the proportion of samples whose predicted similarity scores (Spreq) fall within an
absolute deviation of n% from expert-adjusted scores (Sexpert)-

1
N

M=

1(]s?, - s

pred expert

< n), (5)

Accuracy@n =

I
un
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where n € {1,5,10} and I(-) is the indicator function. These values reflect the local numerical precision of
the similarity estimation algorithm. The EAR can be defined as follows:

1 N .
EAR= ;H(Li <s\ < uy), ©

g(; ot denotes the expert-adjusted similarity score for the i-th sample
pair. In our data annotation process, experts provide not only a single corrected score but also an acceptable
range reflecting their tolerance under spectral ambiguity. Concretely, for each pair i, the annotating expert
records a lower bound L; and an upper bound U; (see the “C Similarity Range” field in Fig. 3), which specify
the minimum and maximum similarity scores that the expert would still consider acceptable for that pair

where N is the number of samples, and S

given factors such as weak peaks, peak overlap, and contextual uncertainty. Thus, [L;, U;] is the expert-
defined acceptable interval associated with sg,’;g,m. I(-) is the indicator function, which evaluates to 1 if the
predicted score falls within the acceptable range and 0 otherwise. Therefore, EAR serves as an objective proxy
for expert acceptance, transforming qualitative expert feedback (tolerance ranges) into a measurable form
of algorithm-expert consistency. EAR relies on expert-defined acceptable intervals and may therefore vary
with expert strictness and task ambiguity, introducing inter-expert variability in absolute values. In this study,
we apply one expert-defined protocol consistently across all methods, so EAR is primarily used for relative
comparison under a fixed criterion.

MAE quantifies the overall numerical deviation between algorithm predictions and expert labels,
defined as:

L$n]oh) _ gl
MAE = ; 8602 =SSt (7)

A smaller MAE indicates closer alignment between algorithmic outputs and expert-adjusted similarity
scores. Together, these metrics evaluate both quantitative precision and qualitative alignment between model
outputs and expert judgment.

4.3 Compare to Baseline Methods

To evaluate the performance of the proposed FSS-VLM method in calculating Fluorescence Spec-
troscopy. Similarity, we compared its results with four baseline methods (CNN, RE, cosine similarity, and
distance-based similarity) from two perspectives: numerical accuracy and expert agreement. Numerical
accuracy was measured using Accuracy@n (Acc@n), and expert consistency was quantified by the EAR
metric. Table 3 summarizes the comparative results.

Table 3: Comparison of spectroscopy similarity results between FSS-VLM and comparison methods.

Method Acc@l Acc@2 Acc@5 EAR
CNN 2.97 9.90 26.73 35.64
Random Forest 6.93 10.89 22.77 37.62
Cosine 19.90 21.50 31.70 35.50
Distance 15.06 20.26 33.83 43.21

FSS-VLM 26.75 48.83 61.60 81.45
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Numerical accuracy. Among traditional approaches, the distance-based similarity algorithm achieved
the best performance (Acc@5 = 33.83%) due to its domain-specific weighting of diagnostic fluorescence peaks
and adaptive normalization, which enhance weak yet meaningful signals. Nevertheless, as a deterministic
method, it cannot incorporate contextual factors such as hydrological background. The FSS-VLM framework
further improved accuracy (Acc@1 = 26.75%, Acc@5 = 61.60%) by integrating distance-based similarity with
multimodal reasoning. This combination effectively corrected biases and aligned quantitative estimates with
expert evaluations.

Expert agreement. The distance-based algorithm also showed the highest agreement among baselines
(EAR = 43.21%), suggesting partial reflection of expert logic. In contrast, FSS-VLM achieved an EAR of
81.45%, indicating strong cognitive alignment with human assessment. This improvement stems from its
two-stage design, in which the interpretable distance-based prior provides structured numerical cues that
the RLHF-optimized vision-language model refines through expert-style reasoning. As a result, FSS-VLM
demonstrates enhanced robustness and interpretability, particularly in weak-peak and overlapping-peak sce-
narios.

Overall, the distance-based similarity offers a physically grounded and interpretable prior that captures
diagnostically relevant fluorescence features often overlooked by CNN or RF models. When combined with
expert-aligned multimodal learning, FSS-VLM bridges the gap between algorithmic precision and expert
cognition, achieving superior accuracy and consistency.

4.4 Evaluation of Different Training Strategies

To assess the effects of supervised reasoning and preference alignment, we compared three training
strategies: SFT, RLHF, and their combined SFT+RLHF pipeline. Evaluations were conducted for 3B and 7B
model scales.

SFT-only. The SFT strategy employs expert-annotated reasoning chains to guide structured model
reasoning. As shown in Table 4, SFT improves interpretability and local precision relative to baseline
algorithms, achieving Acc@1 values 0f17.85% (3B) and 18.03% (7B), with corresponding EAR values of 48.51%
and 53.90%.

Table 4: Performance comparison of different training strategies across model scales.

Training

Model Scale Acc@1 Acc@?2 Acc@5 EAR MAE
Strategy
SFT-only 17.85 22.38 38.73 48.51 15.3
Qwen2.5-VL-3B RLHF-only 20.36 28.76 45.92 67.32 11.44
SFT +
RLHE 22.67 40.58 51.51 75.42 10.95
SFT—only 18.03 26.95 42.38 53.90 13.9
Qwen2.5-VL-7B RLHF-only 24.75 37.68 55.83 73.97 8.10
SFT +
RLHF 26.75 48.83 61.60 81.45 7.10

RLHF-only. RLHF optimizes similarity predictions toward expert-corrected similarity scores. The 3B
and 7B models achieve Acc@l values of 20.36% and 24.75%, with EAR values of 72.80% and 79.26%,
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respectively. Overall, RLHF improves alignment with expert judgments, though the generated reasoning
remains less structured than in the SFT-only setting.

SFT + RLHEF. Sequentially combining SFT and RLHF yields the best overall performance. For the 3B
model, Acc@1 = 22.67% and EAR = 75.42%; for the 7B model, Acc@1 = 26.75% and EAR = 81.45%. These
results indicate that SFT helps impart an interpretable reasoning structure, while RLHF aligns the final
similarity scores with expert preferences; together, they provide balanced gains in both top-1 accuracy and
expert consistency.

4.5 Ablation Study

An ablation study was conducted to quantify the contribution of different input modalities to the
multimodal reasoning process. As shown in Table 5, removing any single modality leads to a noticeable
performance drop, indicating that FSS-VLM benefits from complementary cues. In particular, removing the
algorithmic similarity causes the most severe degradation for both model sizes, together with a large drop in
Acc@1. This suggests that the algorithm-generated similarity provides a strong quantitative prior that anchors
the model’s prediction and improves calibration, preventing the model from relying solely on visual patterns.

Table 5: Effect of input features (Algorithmic Similarity, Peak List, Picture, and Meta Information) on model accuracy.
The bolded entries indicate the best-performing values.

Peak

Model Picture List Metalnfo Similarity Acc@l Acc@2 Acc@5  EAR
Qwen2.5-3B X 4 4 v/ 18.56 31.27 46.35 50.12
Qwen2.5-VL-3B v X v/ v 21.38 38.45 49.76 71.23
Qwen2.5-VL-3B v v X v 22.45 40.12 51.03 74.86
Qwen2.5-VL-3B v/ 4 v X 15.84 26.73 40.59 43.56
Qwen2.5-VL-3B v/ 4 4 v/ 22.67  40.58 51.51 75.42
Qwen2.5-7B X 4 v/ v/ 20.78 33.56 47.89 56.43
Qwen2.5-VL-7B v/ X 4 v/ 25.27 46.38 59.74 78.95
Qwen2.5-VL-7B v 4 X v 26.53 48.21 61.27 80.98
Qwen2.5-VL-7B v v/ v/ X 17.82 2772 40.59 49.50
Qwen2.5-VL-7B v v v v 26.75 48.83 61.60 81.45

Algorithmic similarity tends to contribute more strongly than meta information because it summarizes
coarse global correspondence between spectra in a task-aligned numeric form, serving as a stable anchor
when contextual descriptors are incomplete, noisy, or weakly correlated with fluorescence signatures. Meta
information becomes more useful when sampling conditions or source context are distinctive and reliably
predictive, whereas its marginal benefit is smaller for ambiguous cases where similar metadata can still yield
divergent spectral patterns. In contrast, pictures and peak lists become decisive in boundary or mixed-
source scenarios, where weak/overlapping peaks and subtle shape differences are diagnostically important
and deterministic similarity measures can be misled; fine-grained visual cues and explicit peak evidence help
localize which spectral regions drive expert judgments. Moreover, ablating peak lists or meta information
also reduces accuracy and EAR, demonstrating that explicit peak evidence and contextual cues contribute
additional discriminative information beyond the image alone. Finally, removing the picture modality also
harms performance, confirming that fine-grained spectral visual patterns remain essential. Overall, the best
results are achieved when all four inputs are provided, validating our design that combines spectral images,
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peak-based quantitative evidence, contextual metadata, and algorithmic similarity priors for robust expert-
aligned similarity assessment.

4.6 Real World Pollution Tracking Example

In September 2025, a municipal sewage treatment plant experienced repeated biochemical system
shocks. Emergency sampling was conducted at ten influent points within a 5000 m radius. The two key
samples from this incident are shown in Fig. 5. Three dimensional EEM analysis revealed a strong tryptophan
like peak at Ex 275/Em 328 nm and a weak shoulder at Ex 275/Em 380 nm, with intensity about 35 percent
of the main peak. This shoulder is a key indicator of phenolic industrial effluents. However, the baseline
distance based algorithm treated it as background noise and omitted it during peak matching. As a result,
the system assigned a similarity score of 79.66 percent and incorrectly attributed the anomaly to domestic
sources. Field inspections of residential pipelines found no irregular discharge, highlighting the algorithm’s
limitation in detecting low intensity or overlapping peaks.

Three-Dimensional Fluorescence Spectrum Three-Dimensional Fluorescence Spectrum

450

450

350

Excitation Wavelength (nm)
2
8
8
Intensity
Excitation Wavelength (nm)
5
8
Intensity

250 0 250

300
Emission Wavelength (nm) Emission Wavelength (nm)

(a) control sample (b) contaminated sample

Figure 5: Example of expert-guided similarity correction for a multi-peaked 3D-EEM sample pair. The baseline
algorithm assigned a similarity score of 79.66 due to over-weighting minor peak differences, while the FSS-VLM
considering positional and intensity consistency of core peaks, corrected the score to 98.35. For quantitative comparison
on this case, the expert-corrected similarity is Sexpere = 94 with an acceptable range [L, U] = [92, 99]. Baseline similarity
scores (0-100) are: CNN 87.40 (abs. error 6.60), RF 32.77 (abs. error 61.23), Cosine 67.21 (abs. error 26.79), and Distance
79.66 (abs. error 14.34). All baseline predictions fall outside the expert-acceptable range.

FSS-VLM evaluated the same sample pair. It identified a previously missed phenolic peak near Ex
252/Em 445 nm. As shown in Fig. 6, the model reconstructed the spectrum with this feature and assigned
a corrected similarity of 98.35. Its reasoning emphasized the diagnostic importance of core spectral peaks
and contextual metadata, matching patterns in the expert preference dataset. This improvement stemmed
from multimodal interpretation rather than numerical adjustment, and the result was later confirmed by on
site verification.
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VLM Output

<reason>
Adjustment Reason: As shown in Visaul Information, the traditional distance-based similarity algorithm presents two critical
feature recognition errors: in Spectra a, one primary peak was missed; in Spectra b, the newly emerging P5 peak was not
detected and was misclassified as noise. As a result, the initial similarity of 79.66% significantly underestimated the true
matching degree. The algorithm overemphasizes differences in non-diagnostic minor peaks and fails to reflect the contribu-
tion of highly consistent core characteristic peaks.

Visual Observation: The positional deviations of all core characteristic peaks are <3 nm, and both peak shape and intensity|
ratios remain highly consistent.
1. Primary peak recovery : The model successfully recognized the primary peak ignored by the algorithm, with <2
nm positional deviation and an intensity ratio of 0.94.
2. P5 peak detection : The model re-identified the weak P5 peak through visual inspection, with =3 nm positional
deviation. Although weak in intensity, it has strong diagnostic significance for industrial discharge.
3. All core peaks exhibit broad peak characteristics (FWHM 12-15 nm), with peak-shape overlap =96% and no evident con-
centration shift.

Decision: Both the restored primary peak and P5 peak are domain-critical diagnostic features that must be incorporated in-
to similarity assessment. The weighting strategy of the original algorithm requires correction to align with expert logic.

Adjustment Calculation:
1. Core peak matching degree (80% weight):
Matching score = 0.98 (positional consistency) x 0.97 (peak-shape match) x 0.95 (intensity ratio) = 0.90
2. Minor peak differences (20% weight):
The influence on the overall result =3%, counted at 97%
3. Rule deviation compensation coefficient:
Increased to 1.21 to reflect restoration of essential spectral characteristics
Comprehensive result: (0.90x0.8 + 0.97x0.2)x1.21 = 0.9835
</reason>

<similarity> 98.35 </similarity>

Figure 6: Output of the FSS-VLM for the real world pollution tracking examle.

5 Conclusion

We presented FSS-VLM, an RLHF-guided multimodal framework for 3D-EEM fluorescence-based
pollution source tracing that learns to emulate the manual expert-review stage. By integrating an algorithmic
baseline with expert-provided reasoning demonstrations and preference-based alignment, the proposed
expert agent produces similarity scores that are both expert-consistent and explainable. Across expert-
annotated benchmarks, FSS-VLM substantially improves agreement with human judgment while reducing
prediction error compared with widely used non-LLM baselines. Beyond aggregate metrics, the case study
highlights the practical value of expert-style reasoning: the model can identify diagnostically weak peaks
that are often overlooked by deterministic similarity measures, thereby reducing misclassification risk and
mitigating the need for repeated manual review.

Importantly, FSS-VLM is not intended as a fundamentally new learning paradigm, but rather as
a workflow-adaptive calibration framework that aligns existing vision-language models with domain-
specific expert workflows under few-shot supervision. Its methodological contribution lies in the calibration
mechanism that adapts similarity assessment through expert-aligned reasoning and feedback, while its
system-level contribution lies in organizing these components into an end-to-end trainable expert agent.
Accordingly, this work contributes (i) an expert agent framework that reformulates the traditional human-in-
the-loop workflow into a trainable pipeline, (ii) expert-curated datasets capturing both correction behavior
and reasoning patterns for supervision and alignment, and (iii) an FSS-VLM that couples similarity outputs
with explicit rationales for operational use. While the overall calibration workflow is general, extending
FSS-VLM to other spectroscopy modalities or expert-in-the-loop matching tasks is not plug-and-play and
would require domain-specific re-design. Future work will explore extending multimodal inputs, such as
mass spectrometry, to further strengthen source discrimination in complex and mixed pollution scenarios.
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