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Abstract

While conventional deep learning pipelines excel at high-throughput seismic pro-
cessing, they often reduce complex perceptual tasks to rigid numerical matrices,
lacking the contextual visual reasoning inherent to human experts. This study
introduces an advanced proof-of-concept demonstrating the novel application of
Vision-Language Models (VLMs) to visual seismological analysis, proving that
multimodal generative Al can replicate expert visual heuristics to enable boosted
human-like scientific interpretation. We engineered an adaptive, multi-stage
foveated vision framework that dynamically rescales high-resolution, lossless
waveform graphics to optimize spatial pattern recognition within the model’s
vision encoder. To mitigate attention saturation, we developed a streamlined,
Markdown-scaffolded prompt system. Furthermore, forensic examination of VLM
outputs exposed critical operational failure modes—specifically compliance bias
and text-scalar decoupling—leading us to propose a conceptual two-tier frame-
work featuring a morphological abstention protocol designed to safely reject
corrupted signals. Containerized into an unattended machine-to-machine orches-
trator, the automated pipeline confirms that input image fidelity and structured
visual scaling are decisive for millisecond-level pattern extraction. Finally, com-
parative benchmarks with self-hosted open-weight architectures demonstrate
the concrete feasibility of local, in-house deployments, laying the foundation



for transparent, reproducible, and institutionally sovereign Al ecosystems in
operational geosciences.
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1 Introduction

In modern seismic monitoring, the exponential growth of continuous data streams-
makes exhaustive manual revision by human experts increasingly unsustainable.
Consequently, reliable automated procedures capable of replicating visual event inspec-
tion are becoming essential to support routine workflows alongside traditional analyst
review. Nevertheless, achieving an unbiased replication of human cognitive exper-
tise remains challenging, as conventional deep learning approaches often reduce this
complex perceptual task to rigid analytical and numerical calculations.

Identifying the arrival times (onsets) of P- and S-waves, along with their proper-
ties, does not rely on purely numerical computation, but rather on a visual, relative,
and contextual process (Figure 1). In other words, the brain operates comparatively.
This approach reflects a core neural mechanism known as divisive normalization [1, 2]:
the biological architecture of vision does not analyze signals in isolation, but instead
encodes intensity and orientation by constantly relating them to the surrounding
spatiotemporal context [3].
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Fig. 1 Overview of the visual-cognitive phase picking workflow. The sequential pipeline
progresses from spatial station selection and signal ingestion to waveform quality check, phase iden-
tification, and pick uncertainty estimation.

Visual cortical circuits are instructed by top-down modulation to suppress back-
ground noise and prioritize expected structural patterns based on prior experience [4].
Consequently, a seismologist’s specific training acts as a cognitive filter that dynam-
ically tunes this perceptual extraction. This is precisely what enables the analyst to
recognize the distinctive signature of an earthquake, identifying the primary P-wave
and estimating the probabilistic presence of a subsequent S-wave.

Similarly, when assessing whether the activation of a seismic sensor network
aligns with wavefront propagation, the brain operates as a predictive coding sys-
tem [5]. It projects an internal physical model of hypocentral dynamics onto incoming
geometric data, instantaneously minimizing prediction errors to confirm the event.



This capacity for ‘exact-approximate’ assessment forms the essence of visual exper-
tise, where domain-specific training restructures cortical pathways to enable flexible,
context-dependent cognitive strategies [6].

This expertise relies fundamentally on the visual system, which is inherently opti-
mized to grasp geometric patterns far faster than rows of tabular digits. While such
visual pattern recognition was long a uniquely human prerogative, this paradigm is
now shifting. Modern generative Al is no longer blind to the visual world, having
evolved beyond text and arrays through multimodal large language models.

Thus, moving beyond conventional machine learning pipelines that process raw
numerical matrices, this study introduces a novel approach for P- and S-wave phase
picking designed to emulate the visual-cognitive behavior of an Expert Human Ana-
lyst. Operating as a ’'Thinking AI Analyst’, the framework leverages multimodal
generative vision to identify wave onsets emerging from noise and evaluate their
asymmetric uncertainties within a holistic visual context.

2 The visual advantage in Al

While the initial success of Large Language Models (LLMs) relied on textual reasoning,
operational seismology inherently demands spatial and geometric intuition. Conse-
quently, feeding generative AI visual representations (e.g., seismograms) provides a
key analytical edge over processing raw numerical arrays.

Modern generative models leverage the Vision Transformer (ViT) architecture.
Rather than analyzing individual pixels—a computationally prohibitive approach that
degrades contextual information—the model first partitions the plot into a grid of
small sub-regions, or patches (typically 16 x 16 pixels). Each patch is then flattened
and linearly projected into a continuous vector space, converting sub-regions into
sequential visual tokens [7].

Through self-attention, the model evaluates pairwise mathematical relationships
across all patches simultaneously. For instance, if a P-wave initiates in patch A and
its amplitude escalates in patch B, the model assigns a high attention weight to the
A-B pair. This mechanism allows the Al to capture long-range spatial dependencies
across the image [7, 8].

Far from a simple statistical abstraction, the Al effectively “perceives” structural
trends. Much like attention maps in Vision Transformers segment objects from com-
plex scenes [9], these self-attention mechanisms reconstruct geometric continuity and
frequency variations, reliably isolating coherent seismic signals from background noise.

Yet model architecture alone is insufficient; training experience is as critical for
generative Al as it is for human experts.

During the initial pre-training of multimodal Foundation Models [10], Vision-
Language Models (VLMs) ingest hundreds of millions of image—text pairs from web-
scale datasets to learn broad visual concepts via natural language supervision [11]. In
generic pre-training workflows, this process typically incorporates literature datasets
containing scientific figure—caption pairs (e.g., “The figure illustrates the arrival of the
P-phase at 13.568”) [12]. By jointly optimizing image and text encoders to maximize
embedding similarity within a shared multimodal space [11], these models achieve



robust conceptual alignment. For visual seismology, the AI thus learns that domain-
specific terms such as “P-phase” or “onset” map directly to the geometric transition
where a flat baseline begins to oscillate.

As a result, the AT acquires a latent understanding of chart geometry [12]. When
applied to seismograms, the model inherently interprets Cartesian coordinates and
waveform oscillations, connecting localized visual patterns—such as abrupt shifts
in amplitude or frequency—to abstract domain concepts including “phase arrival”,
“event”, or “onset” [11].

However, this latent knowledge does not automatically guarantee accurate results:
applying learned geometric rules requires visual inputs that satisfy strict resolution
constraints. In biological vision, processing channels are statistically tuned to natural
environments, meaning that blurring or losing high spatial frequencies disrupts infor-
mation processing [13]. A similar bottleneck plagues artificial vision systems, where
resolution mismatches alter activation statistics and degrade performance [14]. In seis-
mological Vision Transformers, an analogous failure occurs when image resolution
skews the mathematical proportion between physical signal frequencies and the patch
grid. Under these conditions, the internal representation degrades significantly. Con-
sequently, identifying a seismic phase onset depends not merely on model capability,
but on how the visual data itself is structured.

For high-precision tasks such as millisecond-level seismic phase picking, maximizing
the feature-extraction fidelity of Vision-Language Model’s (VLMs) requires metic-
ulous selection of visual input encodings. Modern Vision-Language Models process
visual inputs through rigid tokenization frameworks based on the Vision Transformer
(ViT) architecture [7]. Rather than interpreting an image as a continuous numerical
matrix, the ViT encoder discretizes the visual canvas into a structured grid of non-
overlapping spatial patches, typically 16 x 16 pixels in size [7]. Each patch is linearly
projected into a high-dimensional vector space, converting sub-regions of the graphic
into discrete visual tokens—the visual equivalent of words in natural language [7].
Self-attention layers then simultaneously map geometric and contextual relationships
across all visual tokens [15]. Through this mechanism, attention heads dynamically
assign weights based on spatial contrast, structural continuity, and texture alignment
across the entire canvas [7].

Consequently, localized pixel degradation directly corrupts the intensity distribu-
tion within individual 16 x 16 patches. Artifacts such as high-frequency quantization
noise, ringing, or rasterization blur introduce spatial pollution that distorts the model’s
underlying self-attention matrix. As a result, the Transformer computes mathematical
dependencies from synthetic compression noise rather than genuine physical features,
such as sharp wave onsets or Cartesian grid boundaries [16, 17].

Table 1 provides a systematic comparative synthesis of standard visual input
formats (JPEG, PDF, SVG, and PNG), evaluating their underlying compression
mechanisms, computational tradeoffs, and structural impacts on VLM attention
matrices.

As detailed in Table 1, vector-based and document-encapsulated formats (PDF
and SVG) introduce severe systemic bottlenecks. PDF ingestion relies on unstandard-
ized server-side rendering pipelines that downsample document layouts to lower DPI



thresholds, effectively smoothing the high-frequency micro-textures of wave breakouts
[18]. Conversely, although SVG paths offer infinite geometric precision, translating
a standard 100 Hz multi-component time series into XML strings generates tens of
thousands of character tokens. This saturates the model’s textual context window,
exponentially increasing API latency and inference costs while remaining susceptible

to server-side vector flattening for security sanitization [19].

Table 1 Comparison of visual input formats and their impact on Vision Transformer (ViT)
tokenization and self-attention.

Format Encoding Advantages Limitations Attention & VLM Impact

JPEG Lossy DCT with Lightweight High-frequency Trace artifacts alter pixel distributions
quantization payload; fast spatial loss; in 16 X 16 patches. Self-attention
matrix. transmission; low irreversible (QKT) computes weights on synthetic

API bandwidth  ringing and noise, biasing phase picks [7, 16].
usage. blocking artifacts
at sharp edges.

PDF Vector /raster Resolution- Non-native Uncontrolled server downsampling
primitives in independent parsing; requires (e.g., 72-150 DPI) blurs high-frequency
document layout optimized server-side (100 Hz) wave onsets into sub-pixel
layout. for document rasterization noise, obscuring breakout features [18].

viewing. (pdf2image,
PyMuPDF).

SVG XML paths Infinite Large XML Elevates token latency and API costs.
defining scalability; sharp payloads for Security sanitization (e.g., Polyglot
Cartesian vector single-pixel lines dense data SVG mitigation) flattens vectors into
geometries. without (6,000 points/min); rasters, stripping vector

anti-aliasing. risks context advantages [19].
window
saturation.

PNG Lossless Bit-perfect pixel Larger payload Preserves exact intensity gradients
DEFLATE fidelity; zero size; higher across adjacent patches. Self-attention
algorithm (LZ77 quantization bandwidth and (QKT) maps directly to physical
+ Huffman noise; pristine memory overhead signal breakout points [20].
coding). gradient during

preservation. transmission.

Similarly, lossy raster compression (JPEG) introduces ringing and blocking arti-
facts along high-contrast boundaries [16]. When a sharp amplitude breakout is plotted
against a solid background, the Discrete Cosine Transform (DCT) in JPEG discards
high spatial frequencies, scattering synthetic quantization noise around the trace.
Because the Vision Transformer processes the canvas in localized spatial patches, this
synthetic noise pollutes the patch embeddings, forcing the self-attention mechanism
to assign weights to compression artifacts rather than physical elastic wave arrivals
[7, 17].

To eliminate these spatial perturbations, we adopt the Portable Network Graph-
ics (PNG) format. PNG employs the lossless DEFLATE algorithm, guaranteeing
bit-perfect geometric fidelity and preserving sharp slope variations intact prior to pro-
jection into the model’s weight matrix [20]. A common critique of this choice is that
commercial cloud APT endpoints (e.g., Google Gemini) may re-encode incoming images
into lossy formats (such as JPEG or WebP) to optimize network throughput. However,
as established in digital image forensics literature [21, 22], enforcing an uncompressed,



mathematically pristine PNG input eliminates double-compression artifacts, phase-
spectrum distortions, and grid noise. This guarantees that subsequent proprietary
cloud-server processing operates on an uncorrupted source signal, preserving trace
edge sharpness and ensuring experimental reproducibility.

3 Method: The Adaptive Foveated Workflow

To resolve VLM spatial resolution limits without incurring excessive computational
overhead, we avoid passing a single, oversized image. Instead, we implement an
adaptive, foveated vision loop orchestrated via Python, designated “Seismological Al
ANalysis” (SATAN) [23]. This workflow leverages the model’s spatial pattern recog-
nition while maintaining constant global image dimensions. Rather than stretching
pixels—which triggers server-side downsampling and blurs high-frequency signal fea-
tures [14, 24]—the Python code dynamically crops the raw NumPy array based on
bounding coordinates returned by the VLM in the preceding step. By mapping a nar-
rower time window onto the fixed canvas size, the local spatial resolution per data
point increases substantially [25]. This forces the VLM’s fixed 16 x 16 patch grid to
focus entirely on the micro-structure of the waveform breakout. At each iteration, the
script recomputes axis scaling and applies Automatic Gain Control (AGC), enabling
millisecond-level precision through a multi-stage “glance-and-focus” process. The spa-
tial bounds of each crop are derived directly from the preliminary pick timestamp and
uncertainty interval (¢picx F At) returned by the model in the prior stage.

The waveforms at stage 1 are windowed based on theoretical P- and S-wave arrival
times computed via ObsPy’s TauP engine using a standard akl35-f-continental global
velocity model relative to a selected hypocentral origin. As an initial operational
baseline, the pipeline generates an un-zoomed, high-resolution global overview canvas
consisting of the three spatial components (Z, N, E) vertically stacked (Figure 2).

To maintain station-agnostic prompts (Appendix C), the pipeline leverages the
VLM’s visual feature extraction by embedding essential alphanumeric metadata
directly onto the graphic canvas alongside the raw seismic traces. Specifically, the
image incorporates the station code, the absolute timestamp of the first sample,
the active filtering status, and contextual origin parameters. Crucially, the axes are
rendered to maximize chart-reading accuracy: the vertical axis displays raw ampli-
tude counts, while the horizontal time axis incorporates minor tick marks resolved to
second-level precision.

To validate the visual inspection pipeline, we deployed a specialized generative
agent (see Section 4) within the Google Gemini environment (INGV Team License)
set to “3.5 Reasoning”, through the web user interface, as the primary operational
human-in-the-loop baseline.

In this pipeline, summarized in Table 2, the human operator provisions the web
user interface with both the target waveform image and the Stage 1 system prompt
(see Appendix C). The VLM typically requires approximately 10 to 20 seconds of
latency to generate the output, utilizing test-time computation to internally verify
visual spatial relationships before serializing the results. The model yields a single,
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Fig. 2 Representative Stage 1 un-zoomed waveform canvas for station IV.MTSN (INGV network).
The plot displays three-component velocity records (HHZ, HHN, HHE) vertically stacked and aligned
along a shared temporal axis, complete with Cartesian grid ticks for relative time (seconds) and digital
amplitude (counts). Header metadata explicitly reports the origin time, first sample timestamp, origin
geographic coordinates with hypocentral depth, and digital filtering status; the time extent is exactly
what the agent sees.

Table 2 Multi-stage interaction logic and machine-to-machine (M2M) execution loop.

Phase / Step

Component

Operational Directive & Model Impact

1. Initialization

2. Stage 1

Session Setup

Global Graphic

Operator starts an isolated thread/web-chat with the specialized
agent, enforcing morphological abstention rules.

Operator injects the un-zoomed three-component PNG graphic.

Injection The VLM processes the canvas and returns the preliminary

structured JSON.

The operator runs the Python script (waves2pgai.py) that
consumes the JSON werbatim to generate dynamic,
high-resolution Stage 2 zoom plots.

3. JSON Parsing Bounding Box

Generation

Localized Zoom
Injection

4. Stage 2 Operator appends refined zoom graphics, forcing the VLM’s
encoder to re-scan the entire visible window from scratch
(anti-anchoring).

Millisecond Onset
Output

The VLM executes micro-detail refinement and outputs final
coordinates alongside qualitative waveform morphology metadata.

5. Refinement

highly structured JSON object (see Subsection 4 and Appendix B) containing the
absolute P- and S-wave timestamps, an asymmetric uncertainty window bounding
each pick, and—where the signal-to-noise ratio SNR provides clean baseline devia-
tions—the first-motion P-wave polarity (Figure 3A).

While this initial output replicates the standard picking information typically
archived by human analysts, the VLM framework offers a distinct architectural advan-
tage: the contextual capture of transient qualitative metadata. During the inference
loop, the agent appends continuous feature evaluations that are traditionally lost in
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"uncertainty_lower": 0.15,
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'
"next_stage": {
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'
“comments": {
"text": [
"Clear P and S arrivals are visible on the",

"event": {
"origin_time": "2026-05-31T721:37:36.1000007"

“stations”: [
{

"pick_p":

“time": "2026-05-31T21:37:38.8507",
"uncertainty_lower": 0.05,
“uncertainty_upper": 0.1,
“polarity": "up"

'
"pick_s": {
“time": "2026-05-31T21:37:40.6002",
"uncertainty_lower": 0.1,
“uncertainty_upper": 0.2

'
"suggested_bpfilter": {
"mandatory": false,
"lower_corner": null,
"upper_corner": null,
“number_of_poles": null

'

"next_stage": {
"mandatory": false

+

"comments": {
“text": [

"The P-wave breakout is clearly visible at"

ive to the first sample
sitive first motion (up).
"is identified at 9.500 s

“first sample on the horize
“showing a coherent phase d
"both channels well before the automated",
“reference anchor."

"full trace, but a high-resolution zoom is",
"required to refine the pick precision and",
“confirm the first-motion polarity."

Fig. 3 Representative structured JSON output payloads returned by the VLM for station IV.MTSN.
(A) Stage 1 global overview payload detailing preliminary arrival timestamps, asymmetric uncertainty
bounds, suggested bandpass filtering parameters, and next-stage zoom mandates. (B) Refined Stage
2 JSON payload generated after inspecting high-resolution zoom windows, containing finalized arrival
times, narrowed uncertainty bounds, P-wave first-motion polarity (*down”), and qualitative waveform
morphology descriptions.

manual workflows due to time constraints. The model documents the morphological
state of the waveform, the logical deduction path leading to the pick localization, and
an explicit evaluation of whether background noise requires digital filtering (see tag
"comments" in Figure 3).

Furthermore, the agent acts as an autonomous routing node by evaluating of the
two downstream boolean flags: suggested bpfilter and next_stage.

The Stage 2 refinement pipeline (Figure 4) focuses exclusively on tight, localized
windows centered around the initial Stage 1 timestamps via an automated Python
routine.

The final two steps mathematically simulate the visual enhancements manually
performed by human experts during phase picking. The routine outputs two high-
resolution PNG graphics (P-zoom and S-zoom), which the operator uploads to the
reasoning agent alongside the secondary Stage 2 prompt (Section 4). The VLM then
completes the loop by generating a refined Stage 2 JSON payload (Figure 3B). The
entire process — encompassing computational pre-processing, visual scaling, and cross-
modal inference — averages approximately 60-120 s per station within this human-in-
the-loop validation prototype.



Phase A: Signal Pre-conditioning

1. Component Processing

® |solate, demean, and detrend 3
components.

® Apply VLM-requested bandpass
filter (if flagged).

Phase B: Adaptive Windowing

2. Time Window Slicing

® Adjust asymmetric canvas limits
via uncertainty metrics.

® Slice localized P and S windows
(Figs. 5, 6).

Phase C: Visual Encoding Prep

3. Envelope & Scaling

e Compute shared RMS envelope
(sliding convolution).

® Scale trace amplitudes while pre-
serving inter-component ratios.

Fig. 4 Overview of the automated Stage 2 refinement pipeline, structured into three functional
phases: (A) signal pre-conditioning, (B) adaptive time windowing, and (C) contrast-enhanced visual
amplitude scaling.

To guarantee absolute architectural reproducibility and mitigate the risks of
context window contamination, the pipeline enforces a strict isolation rule: the cross-
modal evaluation of a three-component waveform is conducted within an independent,
isolated chat session dedicated to a single station (encompassing all the requested
analysis stages). Upon completion, the session is terminated and flushed from memory
before moving to the next station. Retaining a localized context window explicitly
counteracts the "Lost in the Middle” phenomenon [26] inherent to autoregressive
attention mechanisms. In fact, massing multiple station images, historical prompt
streams, and disparate JSON payloads within a single inference session inevitably
dilutes the model’s active attention weights, leading to unreplicable behavior and
processing drift.
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Fig. 5 Stage 2 localized P-wave zoom canvas for station IV.MTSN. The three spatial components
(HHZ, HHN, HHE) are dynamically windowed around the Stage 1 candidate anchor, demeaned,
detrended, and normalized using a shared RMS amplitude envelope to optimize spatial contrast for
the VLM vision encoder.
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Fig. 6 Stage 2 localized S-wave zoom canvas for station IV.MTSN. The horizontal components
(HHN, HHE) display coherent transverse energy arrivals, re-projected onto the full pixel grid to
enhance visual onset contrast against the preceding P-wave coda.

3.1 Automated Pipeline Integration via APIs and Local
Execution

The human-in-the-loop prototype is mandatory to validate the core picking proto-
col, but deploying vision-language models across dense regional networks demands
the foveated picking protocol must be fully automated. This section details the soft-
ware architecture of an unattended machine-to-machine orchestrator, designed to
standardize API execution across both cloud and local deployments while ensuring
production-scale reproducibility (see Figure 16 in Appendix D).

3.1.1 Overview and Multi-Stage Interaction Logic

To bridge the operational gap between interactive and automated pipelines, we
developed pic_picker_ai, an unattended orchestrator designed to execute machine-
to-machine (M2M) inference without altering the underlying seismological logic.
Crucially, the system instructions (Appendix B) and operational prompts (Appendix
C) are transmitted wverbatim. This ensures that any performance variance between
manual and automated execution stems strictly from backend transport dynamics
rather than prompt reformulation.

To preserve absolute cross-modal integrity, the automated pipeline enforces strict
session isolation: each seismic station is processed within an independent inference
thread, instantiated upon station loading and flushed immediately after completion.
From a machine learning perspective, this isolation prevents cross-station KV-cache
contamination and mitigates the “Lost in the Middle” attention-dilution phenomenon
inherent to autoregressive Vision Transformers [26].
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Within a single station thread, context accumulation remains strictly bounded
through the sequential five-step execution loop detailed in Table 2. Because local-
ized zoom windows center on the model’s preliminary Stage 1 outputs, the timestamp
rendered on the Stage 2 canvas serves merely as a framing reference. This auto-
mated loop reproduces the anti-anchoring cognitive constraint established for human
analysts [27]. Furthermore, this multi-turn architecture systematically captures the
model’s continuous qualitative metadata (comments.text), archiving waveform mor-
phology descriptions and post-hoc justifications for every station without incurring
computational overhead.

The complete software architecture—comprising the eight-module Python package,
multi-stage container specifications, and fail-safe exception protocols—is detailed in
Appendix D.

3.1.2 Endpoint Standardization, Guardrails, and Reproducibility
Risks

The pipeline maintains endpoint independence at the API schema layer by mapping
inference pathways to standardized chat-completion protocols. To stabilize autoregres-
sive decoding over structured JSON schemas, we restrict public commercial endpoints
to a sampling temperature of zero, minimizing stochastic variance [28]. However,
zero-temperature sampling does not guarantee bit-identical outputs across commercial
cloud routers. Cloud requests remain subject to unannounced hardware realloca-
tions and proprietary server-side weight adjustments—a behavioral volatility formally
defined as model drift [29].

To mitigate model drift, eliminate transactional API overhead, and uphold Open
Science data sovereignty, we containerized the orchestration pipeline to support self-
hosted, open-weight models executed locally via Ollama [30]. For local deployments
handling multi-image visual arrays and long-form system instructions (see Section 4,
the orchestrator dynamically expands the active context allocation (num-ctx). This
enables direct performance comparisons between cloud foundation models and local
open-source architectures under identical prompt and zoom configurations (see listings
in Appendix D).

To guarantee production-scale robustness without human intervention, an auto-
mated guardrail layer normalizes API output asymmetries [28]. The parser automat-
ically strips Markdown code fences, validates ISO-8601 timestamp compliance before
passing coordinates to the host plotting engine, and overwrites station identity fields
with verified metadata. This eliminates transcription noise caused by visual patch mis-
reading [7]. Appendix D details the complete failure-handling protocols, retry logic,
and data provenance archiving standards.

4 Prompt Engineering and Cognitive Offloading

Executing the adaptive foveated workflow demands highly specialized system instruc-
tions.

As mentioned in Section 2, by natively integrating cross-modal comprehension,
modern VLMs map graphic vectors and pixel spatial distributions directly into a
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unified latent space shared with their language module [31, 32]. This architectural
extension distinguishes VLMs from standalone ViTs: rather than merely perceiving
waveforms as abstract oscillating lines, the model correlates these visual geome-
tries with physical phenomena—such as “seismic phases”, “background noise”, and
“wave polarity”—and dynamically enforces the heuristic constraints defined in system
instructions and in the prompt [11, 33].

Nevertheless, adapting a general-purpose VLM to execute expert-level visual tasks
does not inherently require full model fine-tuning; rather, it hinges on orchestrating
targeted system instructions that steer the VLM’s latent cross-modal attention lay-
ers toward critical visual features [11, 34|, serving as a rigorous mathematical and
behavioral framework for VLMs.

In Section 3, we detailed the deployment of a specialized generative agent driving
both our interactive human-in-the-loop and automated machine-to-machine pipelines.
Formulating its set of instructions in our work represented an iterative empirical jour-
ney—a human-AT co-design process during which we gained firsthand insight into the
fundamental operational constraints governing VLM visual inspection and attention
allocation [35].

In fact, to fully leverage VLMs for precise seismic phase picking, system instructions
must be carefully engineered to balance theoretical domain rigor with computational
efficiency. This section outlines the human-AI co-design framework developed to govern
cross-modal reasoning, detailing the contextual bottlenecks encountered during initial
deployment and the cognitive offloading strategies implemented to resolve them.

4.0.1 The Attention Saturation Bottleneck and Cognitive
Offloading

In multimodal transformers, appending dense reference literature alongside a high-
resolution image creates an acute attention-allocation conflict. In our initial setup, we
empirically experienced this bottleneck by augmenting the system instructions with
full-text foundational seismology manuals [36, 37]. Rather than improving analytical
accuracy, this massive context injection overloaded the attention mechanism, trigger-
ing conservative refusal guardrails where the VLM defensively claimed an inability to
perform millisecond-level visual picking. An interactive meta-dialogue (transcript pro-
vided in Appendix A) revealed that this failure stemmed not from a deficit in visual
processing capacity, but from a context-induced safety mechanism designed to prevent
speculative outputs under high token entropy [38].

Autoregressive models do not permanently retain system instructions in their
active weights; each message within the inference loop requires reprocessing the
entire system prompt, chat history, and raw visual tokens from scratch. Conse-
quently, simultaneously processing high-dimensional visual matrices and heavy textual
constraints—such as extensive seismology manuals and massive JSON templates—
forces the softmax operation over the combined sequence length to severely dilute the
attention weights.

As documented in long-context attention literature [12], this text-heavy saturation
degrades the model’s focus on critical instruction boundaries, frequently triggering
preventive server timeouts or processing drops.
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Table 3 System prompt engineering and cognitive offloading strategies.

Phase / Step Component Operational Directive & Model Impact

Pre-processing Textual Reduction  Stripped redundant geological theory and removed large theoretical
reference documents to free the active context window.

Pre-processing Spatial Directives Mandated absolute pixel-inspection directives, segmenting
instructions into actionable vision rules.
Pre-processing Zero-Shot Enforced strict JSON output via grammar-constrained decoding,
Serialization mapping visual features into machine-readable syntax

deterministically.

To mitigate this bottleneck, we implemented instead a strategy of Cognitive
Offloading (Table 3). By shifting the system prompt from an academic reference man-
ual to a streamlined, vision-first operational guide, we eliminated redundant textual
overhead. Furthermore, by enforcing a strict JSON output directive, the instruction
pipeline leverages grammar-constrained decoding [28] to deterministically map latent
cross-modal visual features into a rigid, machine-readable syntax [39]. This transforma-
tion ultimately converts the probabilistic vision-language model into a deterministic,
high-fidelity phase-picking engine.

4.0.2 Structural Scaffolding via Markdown Optimization

It is worth noting that the success of this streamlined operational guide relies also
on structural scaffolding via Markdown syntax (headers #, bullet points *, and bold
anchors k). Within the Transformer’s self-attention matrix, unformatted text fre-
quently induces instruction bleeding, causing distinct behavioral constraints to conflate
within the token sequence.

Integrating strict Markdown formatting serves as an attention anchoring mech-
anism. During pre-training, these models acquire a strong structural bias from
well-formatted technical repositories [34, 35].

In our pipeline, encapsulating operational constraints within bold syntax (e.g.,
+*MANDATORY EXCLUSIONx:) amplifies the dot-product attention scores (QK”)
for those specific tokens. This mechanism ensures that, even while processing thou-
sands of visual tokens from the seismogram, key behavioral boundaries remain
dominant in the attention field, effectively mitigating syntax errors and hallucinations.

By offloading the initial textual overhead and structuring the remaining directives
through Markdown scaffolding, the model allocates its full computational capacity to
pixel-level waveform analysis during inference. The final, optimized system instruction
set resulting from this human-AT co-design process is detailed in Appendix B.

5 Data

We applied our generative Al-driven phase picking pipelines to the seismic signals
of 11 local earthquakes (Figure 7 and Table 4). The events were selected to capture
diverse signal characteristics across different regions of Italy, representing varied wave
propagation media from the hypocenters to the stations of the national IV network
operated by the Istituto Nazionale di Geofisica e Vulcanologia (INGV). The starting
waveforms dataset was restricted to a maximum epicentral distance of 200[km]. The
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final waveforms dataset is limited anyway to a maximum of 5-10 stations showing
only noise, beyond the last one showing medium-low S/N ratio.
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Fig. 7 Stars: 11 earthquakes composing the test dataset over which we benchmarked our Al guided
procedures with respect to human analysts analysis (see Table 4); triangles: seismic stations used in
this study.
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Table 4 Seismic events analyzed in this study. The complete event QML
parameterization is available via the INGV FDSN Web Service at the following route:
https://webservices.ingv.it/fdsnws/event/1/query?eventld=[EventID].

# Event ID Origin Time (UTC) Mag Lat (°) Lon (°) Depth (km)

1 5098811  2015-03-15 14:26:11.08 3.1 41.741 16.003 27.3
2 44765722  2025-12-05 09:07:06.17 2.7 42.668 13.196 11.1
3 45442722 2026-03-27 01:19:40.10 2.6 44.256 9.784 64.1
4 45518622  2026-04-06 02:14:12.42 3.0 43.224 10.951 8.3
5 45591322  2026-04-16 01:14:03.84 2.8 46.359 12.905 9.8
6 45696312  2026-04-28 00:54:24.22 2.7 42.395 16.093 1.4
7 46019942  2026-05-23 16:39:08.49 3.1 38.934 15.653 165.9
8 46057512  2026-05-28 01:02:36.55 2.0 43.589 12.444 14.1
9 46096912  2026-05-31 21:37:36.10 2.7 40.264 15.808 12.9
10 46368612  2026-06-28 21:25:27.85 2.1 44.773 11.557 1.5
11 46552922  2026-07-15 02:25:04.87 2.2 42.481 13.362 14.1

To ensure high sensitivity to small-to-moderate magnitude events, this initial eval-
uation was restricted to velocimeter channels (seed naming HH or EH). Furthermore,
to rigorously benchmark the VLM’s multi-scale decision stability, we applied the Stage
2 zoom routine across all stations—even when a false next-stage flag indicated the un-
zoomed resolution was sufficient for phase identification. Finally, we manually picked
P- and S-onsets for the 11 earthquakes setting up an expert seismologists reference
dataset.

6 Results and Analysis

In the following paragraphs we present the results for both the human-in-the-loop
pipeline, and the automated APIs and Ollama/Local pipelines, against the expert
manual picks over a regional distance scale up to = 100[km].

6.1 Human-in-the-loop Workflow Analysis

In Figures 8 and 9 we report examples of the final behavior of our interactive human-
in-the-loop phase picking pipeline on two stations from a ML 2.7 occurred on 2026
May 31th at 21:37:36 (UTC) in the Southern Italy (eventid 46096912). The VLM
correctly guided the zooming stage 2, where the true P and S onsets were identified
with appropriate asymmetric uncertainties, with preliminary analysis from stage 1.
It is worth underlying the comment at stage 1: “Full scale view shows clear P and S
arrivals, but high-resolution zoom windows are mandatory to refine precise onset times
and determine polarity.” A closer analysis highlights that while the P onset for this
station was slightly anticipated by the VLM (though well bounded by its uncertainty
window), the S onset might have been slightly delayed on the N component while
perfefctly on time on the E component. Conversely, no comments are needed for the
results on station MGR.
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https://webservices.ingv.it/fdsnws/event/1/query?eventId=[Event ID]

Event ID: 46096912 | Origin ID: 145095861
Station: IV.MTSN..HH | Distance: 5 km | Stage 2 [FULL]

P (up) S

P (up) S
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Absolute Time (MM:SS)

Fig. 8 Stage 2 visual picking results for station IV.MTSN (epicentral distance: 5 km) of the 2026-05-
31 M1,2.7 event (#9). Vertical red line indicates the Al-predicted P-wave arrival with compressional
("up”) first-motion polarity and its associated asymmetric uncertainty window (shaded pink area);
vertical blue line marks the coherent S-wave arrival. The inset boxes provide a magnified view of
the P- and S-onset regions (highlighted by the yellow boxs), showing the fine alignment between the
manual pick (green line, "Man”) and the VLM prediction.

All the results in terms of picks on waveforms, for the complete dataset are available
in the Supplementary Material. In the following sections, we discuss the complete
results of the pipeline directly against the human picked manual results.

6.1.1 Statistical Performance and Multi-Stage Zooming

The dataset spans the 11 representative seismic events. The temporal residuals
At = tmanualyick — tAr,ick for P-onsets and S-onsets are evaluated across the two
progressive processing tiers: un-zoomed raw overview (Stage 1), and context zoom
(Stage 2). A third tier, the ultrafine zoom Pass (Stage 3) was applied on purpose (see
further below in this paragraph).

In Stage 1 17.8% of P-picks and 12.6% of S-picks fall within the high-precision
< +0.10 s residual bin, while gross temporal deviations (> 0.50 s) reach 28.3% for
P-waves and 47.7% for S-waves (Figure 10 and Table 5). This happens because the
model inspects the full-scale waveform window (65 s) mapped onto a standard image
canvas (Figure 2). This forces a single 16 x 16 pixel patch to absorb several seconds of
waveform data [14]. The physical onset of a P-wave occupies an infinitesimal fraction
of a single patch. The surrounding pre-event noise dilutes the local contrast gradient,
flattening the Softmax activation layer and driving up token generation entropy [40].
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Event ID: 46096912 | Origin ID: 145095861
Station: IV.CAR1..HH | Distance: 118 km | Stage 2 [FULL]
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Fig. 9 Stage 2 visual picking results for station IV.CARI1 (epicentral distance: 118 km) of the 2026-
05-31 M1,2.7 event (#9). Vertical red line indicates the Al-predicted P-wave arrival with undefined
first-motion polarity (P (None)”) and its asymmetric uncertainty window (shaded pink area); vertical
blue line marks the S-wave arrival. The inset boxes provide magnified views of the P-onset and S-
onset, highlighting the alignment between the manual picks (green lines, ”Man” with shaded green
area for the related asymmetric uncertainty) and the VLM predictions.
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Fig. 10 Distribution of arrival time residuals (At = tyanual — tar) for P (left) and S (right) phases
obtained at Stage 1. Full-scale canvas compression forces several seconds of data into individual
spatial patches, driving residual dispersion and a high fraction of gross outliers (> 0.50 s).
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In Stage 2 (Figure 11), our adaptive foveated loop systematically executes a
context-level zoom (3.0 s window) across all recording stations by dynamically crop-
ping the raw NumPy array around the Stage 1 candidate anchor. By re-projecting
this narrow time window onto the exact same image canvas dimensions, the pixel-per-
second density expands substantially [25]. As a consequence, the initial wave breakout
now spans multiple contiguous 16 x 16 pixel patches rather than being compressed
within a single, highly averaged tile [7]. The Vision Transformer’s self-attention layers
(QK™) register a sharp vertical contrast gradient between pre-onset noise patches
and post-onset signal patches, driving a dramatic performance leap: high-precision
P-pick accuracy (< +0.10 s) more than doubles from 17.8% to 40.4%, while S-pick
accuracy (< £0.10 s) more than triples from 12.6% to 41.0% (Table 5). Concurrently,
the cumulative acceptance rate within < £0.50 s climbs to 87.6% for P-waves and
85.0% for S-waves, cutting gross temporal outliers (> 0.50 s) by more than half for P
(28.3% down to 12.4%) and by over two-thirds for S (47.7% down to 15.0%).
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Fig. 11 Distribution of arrival time residuals (At = tanual — tar) for P (left) and S (right) phases
obtained at Stage 2. Adaptive time-window re-projection concentrates patch attention scores, signif-
icantly narrowing error distributions and doubling high-precision picks (< £0.10 s).

To push spatial localization to its physical limits, we evaluate the pipeline perfor-
mance under a composite maximal-resolution tier designated as StageMaz (Figure 12
and Table 5) [25]. Rather than forcing a uniform third stage across all recording sta-
tions, to run this test we applied ultra-fine zoom Stage 3 only to stations with P or S
residuals > 0.2s. StageMax represents the highest resolution tier attained per station:
it incorporates the ultrafine Stage 3 zoom pass (0.4 s half-width window around can-
didate anchors) wherever executed, while retaining the context Stage 2 output (£3.0 s
half-width) for the remainder.
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Under this maximal resolution tier, high-precision performance undergoes a major
convergence: cumulative P-pick accuracy within < 40.10 s reaches 67.6% (148 picks),
with an extraordinary 42.9% (94 picks) falling within the sub-50ms bin (< +0.05 s).
Similarly, S-pick accuracy within < +0.10 s climbs to 52.9% (92 picks), with 31.0%
(54 picks) reaching millisecond-level precision (< +0.05 s) [7]. Furthermore, residual
error distributions transition from a heavy late-picking bias in Stage 1 and partial
recovery in Stage 2 to a nearly ideal, zero-centered Gaussian profile under StageMax.
Critically, 60 P-picks previously trapped in intermediate resolution bounds during
Stage 2 migrated directly into the highest accuracy bin (< £0.10 s) under StageMax.
Conversely, gross temporal outliers (> 0.50 s) remained essentially flat (11.9% for P,
14.9% for S), proving that multi-scale zooming acts as a selective cure for spatial
resolution limits rather than an indiscriminate statistical smoother [25, 41].

Table 5 Performance convergence of high-precision phase picking
between stages for WebGem. The table highlights the absolute increase in
the percentage of picks falling within specific temporal residual bins.

Phase Residual Bin  Stagel Stage2 StageMax A StageMax
P < 0.05[s] 8.7% 21.6% 42.9% +21.4%
P < 0.10[s] 17.8%  40.4% 67.6% +27.2%
P < 0.20[s] 30.6%  63.3% 80.4% +17.1%
P < 0.50[s] 71.7%  87.6% 88.1% +0.5%
P > 0.50[s] 28.3% 12.4% 11.9% -0.5%
S < 0.05[s] 7.5% 23.1% 31.0% +7.9%
S < 0.10[s] 12.6%  41.0% 52.9% +11.8%
S < 0.20[s] 21.8%  61.3% 70.1% +8.8%
S < 0.50[s] 52.3%  85.0% 85.1% +0.1%
S > 0.50[s] 47.7% 15.0% 14.9% -0.1%

To evaluate how physical wave propagation interacts with the VLM’s visual per-
ception, picking residuals and declared epistemic uncertainties were discretized across
three epicentral distance classes: Near-Field (< 30km), Mid-Range (30-60km), and
Far-Field (60-100km) (Figure 13).

In Stage 1, increasing epicentral distance causes a systematic degradation in per-
formance (Figure 13, Panels A and B). At extended distances (> 60km), anelastic
crustal attenuation and wave scattering act as physical low-pass filters, smoothing
sharp, impulsive phase onsets into emergent waveforms [42]. On the compressed 65-s
visual canvas of Stage 1, this attenuation-induced loss of contrast flattens the local
pixel gradient, driving the interquartile range (IQR) of Stage 1 residuals up to 0.65s
for P-waves and 0.83 s for S-waves in the Far-Field.

The execution of multi-scale foveated zoom (Stage 2 and Stage 3) systemati-
cally counteracts this physical signal degradation [25]. By re-projecting narrow time
windows onto the full pixel grid, the foveated loop expands local canvas resolution,
artificially restoring the visual contrast between the pre-onset baseline and the phase
arrival [43]. Consequently, Stage 3 compresses median absolute residuals below 0.05s
across all distance classes for P-waves and below 0.10 s for S-waves, demonstrating that
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Fig. 12 Distribution of arrival time residuals (At = tynanual — tar) for P (left) and S (right) phases
under the composite StageMax resolution tier. Combining ultrafine Stage 3 zoom passes with Stage
2 context outputs yields major accuracy convergence, with 67.6% of P-picks and 52.9% of S-picks
matching within < 40.10 s of manual baselines.

dynamic visual rescaling mitigates spatial resolution limits even on highly attenuated
far-field traces.

Panels C and D (Figure 13) illustrate the self-calibration behavior of the VLM’s
declared uncertainty width (AU = Ujower + Uupper). I Stage 1, the model dynam-
ically expands its declared uncertainty envelope in response to distance-dependent
signal degradation, with Far-Field median uncertainties widening to 0.60's for P-waves
and 0.80s for S-waves [40]. In contrast, the high-resolution canvases of Stage 2 and
Stage 3 allow the visual attention layers to resolve crisp onset micro-textures, col-
lapsing declared uncertainty bounds down to a stable, narrow range (0.08-0.20s)
across all distance bins [44]. Crucially, zero Stage 3 uncertainty predictions exceeded
the 1.0s threshold (compared to 40 instances in Stage 1), confirming that foveated
visual refinement eliminates spatial ambiguity and yields tightly calibrated confidence
bounds.

Finally it is worth noting that while Stage 2 functions as a systematic context
pass and Stage 3 acts as a targeted post-hoc pass on elevated residuals, an opera-
tional scientific pipeline requires the Vision-Language Model to autonomously govern
its own foveated zoom trajectory [27]. Importantly, the benchmark metrics reported
herein evaluate only AI predictions with verified manual counterparts; they do not sys-
tematically assess Al-generated picks that lack a human reference. These unmatched
predictions likely represent spurious or hallucinated picks generated under compliance
bias, where the model compulsively outputs numerical coordinates on non-seismic
noise simply to fulfill its mandatory JSON prompt instructions. This transition toward
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Fig. 13 Binned distribution of picking performance and declared Al epistemic uncertainty across
epicentral distance classes (< 30km Near-Field, 30-60km Mid-Range, 60-100km Far-Field) for
Stage 1, Stage 2, and StageMax resolution tiers. (A) P-wave absolute time residuals |Atp|. (B) S-
wave absolute time residuals |Atg|. (C) P-wave total Al uncertainty width AUp. (D) S-wave total
AT uncertainty width AUg. Boxplots represent the median and interquartile range (IQR, 25-75th
percentiles); whiskers extend to 1.5 x IQR;; overlaid jittered markers display individual station eval-
uations. Note: To preserve boxplot legibility, Y-axes are truncated at 1.5s for residuals (Panels A,
B) and 1.0s for uncertainty widths (Panels C, D). Excluded residual outliers (> 1.5s) total 33 for
P-waves (n1 = 13,n2 = 7,n3 = 13) and 37 for S-waves (n1 = 15,n2 = 10,n3 = 12). Excluded
uncertainty outliers (> 1.0s) total 17 for P-waves (n1 = 15,n2 = 2,n3 = 0) and 27 for S-waves
(n1 = 25,n2 = 2,n3 = 0). All truncated points remain fully incorporated in the global dataset eval-
uations (Table 5).

dynamic agentic routing—combined with the necessity of mitigating compliance-
driven false positives via morphological abstention—is formally detailed in Section 7
and further expanded in Section B.

6.2 Automated Workflow Analysis

To evaluate the production throughput and structural resilience of the pipeline under
fully unattended execution, the containerized M2M orchestrator (pic_picker_ai,
Section 3.1) was deployed over a benchmark regional event comprising 91 dynamically
resolved recording stations. Operating under the endpoint standardization and session
isolation protocols detailed in Section 3.1.2 and Appendix D, the run utilized Google
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Gemini 1.6 Flash API endpoint at zero sampling temperature to enforce deterministic
logit selection [44], maintaining a ceiling of three refinement iterations per stage.

Execution completed in 1 h 59 min, issuing 186 cross-modal API requests for 181
accepted stage outputs. The automated guardrail layer (Section 3.1.2) intercepted and
sanitized five non-conforming model responses, representing a low 2.7% protocol vio-
lation rate under unattended operation [28]. All 91 stations successfully completed
the Stage 1 overview pass, and 90 completed the Stage 2 foveated refinement loop
(Table 2). A single station triggered the orchestrator’s fail-safe fallback mechanism
(Section 3.1.2 and Appendix D): after its Stage 2 response failed JSON schema vali-
dation twice consecutively, the system halted further zoom passes and safely retained
its valid Stage 1 arrival picks. Rather than halting the batch processing queue, this
single-station fallback demonstrates the pipeline’s graceful degradation mechanics,
preventing localized syntax hallucinations from corrupting network-scale execution
[41].

Total token consumption reached 1.39 x 10° tokens, with prompt input tokens
accounting for 56% of the overall context volume. This direct measurement quanti-
fies the monotonic context accumulation inherent to multi-turn conversation threads
in Vision Transformers, serving as the quantitative counterpart to the attention-
saturation dynamics identified during interactive sessions (Section 4.0.1) [32]. The
mean end-to-end processing throughput was approximately 79 s per station, encom-
passing trace retrieval, graphic rendering, dual cross-modal inference calls, and output
validation (Appendix D). This machine time is directly comparable to the ~ 60—120 s
per station recorded for the human-in-the-loop prototype (Section 3). The primary
operational gain of the automated pipeline is therefore not raw execution speed, but
the complete elimination of expert human supervision from the critical path, enabling
systematic, network-scale VLM benchmarking.

These metrics establish baseline computational throughput and structural robust-
ness under unattended execution. The corresponding picking accuracy evalua-
tions—benchmarked against manually revised arrivals—are detailed in the following
subsections.

6.2.1 Gemini 1.6 Flash API Evaluation

Evaluating the automated pipeline through direct API calls (see Figure 14 and Table 6)
demonstrates the impact of uncompressed image ingestion on Vision Transformer
(ViT) spatial feature extraction [7, 21].

Table 6 Picking accuracy per residual time window expressed as class percent (%) [cumulative %].

Model ~ Phase <0.05s 0.05-0.10 s 0.10-0.20 s 0.20-0.50 s > 0.50 s
ApiGem P 23.3% [23.3%]  21.9% [45.2%)] 23.7% [68.9%] 22.4% [91.3%]  8.7% [100.0%]
ApiGem S 25.9% [25.9%]  23.0% [48.9%] 17.8% [66.7%] 22.4% [89.1%]  10.9% [100.0%]

22



Phase: P Phase: S

30
25
g 20 g
[ Q
[=)] o
3 3
e 15 =
Q Q
o o
— -
o} o}
o o
10 —
5 ‘
o | ‘ ‘ ‘ = == ‘ ‘ L T
0 T T T T T T T T T T T T T T T T T T T 1 T T T T T T T T T T T T T T T T T T T 1
-1 -0.8 -0.6 -04 -02 0 02 04 06 08 1-1 -0.8 -0.6 -04 -0.2 0 0.2 04 06 0.8 1
Time Difference (Manual - Al) [s] Time Difference (Manual - Al) [s]

Fig. 14 Distribution of arrival time residuals for P and S phases obtained via the automated
pic-picker-ai pipeline across the regional benchmark dataset.

In Stage 1, canvas-level time compression limits millisecond localization: sub-50 ms
accuracy (< =#0.05 s) reaches only 4.6% for P-waves and 1.7% for S-waves (8.7%
and 3.4% within < 40.10 s, respectively), while gross temporal outliers (> 0.50 s)
dominate at 41.6% and 59.8%. Upon applying the automated Stage 2 foveated
zoom, ApiGem undergoes a major performance convergence: millisecond-level preci-
sion (< £0.05 s) jumps more than fivefold for P-waves (4.6% — 23.3%) and surges
more than fifteen-fold for S-waves (1.7% — 25.9%). Cumulatively, high-precision per-
formance within < #0.10 s reaches 45.2% for P and 48.9% for S, while total acceptable
predictions (< £0.50 s) rise to 91.3% and 89.1%, compressing gross outliers down to
8.7% and 10.9%.

Notably, ApiGem Stage 2 sub-50 ms accuracy exceeds that of the interactive WebUI
baseline (WebGem Stage 2: 21.6% for P and 23.1% for S in the < £0.05 s bin). This
gain stems directly from ingestion canvas fidelity: direct API execution preserves native
image resolution and tiling dynamics [45], delivering pristine PNG rasters directly
to the model’s vision encoder [20, 21]. However, without an execution pass at Stage
3, ApiGem Stage 2 remains below the composite resolution ceiling achieved under
WebGem StageMax (42.9% for P and 31.0% for S within < £0.05 s). Stage 3 was not
executed in this API run.

6.2.2 Local VLM Evaluation

Evaluating the pipeline on local, self-hosted architectures (Gemma via Ollama, see
Figure 15 and Table 7) illustrates the structural boundaries of lightweight, parameter-
constrained open-source VLMs [7].
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Table 7 Automated Pipeline with Local VLM, Stage 2 picking accuracy per residual time window
expressed as class percent (%) [cumulative %)].

Model Phase <0.05s 0.05-0.10 s 0.10-0.20 s 0.20-0.50 s > 0.50 s
LocalGem P 5.1% [5.1%)] 8.7% [13.8%] 11.6% [25.4%] 27.5% [52.9%] 47.1% [100.0%)]
LocalGem S 10.9% [10.9%] 4.5% [15.5%] 10.0% [25.5%] 31.8% [57.3%] 42.7% [100.0%)]
Phase: P Phase: S
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Fig. 15 Distribution of arrival time residuals for P and S phases obtained via the automated local
VLM pipeline (LocalGem) across the regional benchmark dataset, at Stage 2.

In Stage 1, spatial tokenization limitations severely restrict local VLM accuracy:
sub-50ms precision (< +0.05 s) reaches only 2.9% for P-waves and 1.5% for S-
waves (6.5% and 3.0% within < +0.10 s, respectively), with gross temporal outliers
(> 0.50 s) dominating at 74.7% for P and 82.8% for S. Upon applying the Stage 2
foveated zoom, local zooming successfully mitigates resolution constraints: sub-50 ms
accuracy increases to 5.1% for P and surges over sevenfold to 10.9% for S-waves, bring-
ing cumulative < £0.10 s precision to 13.8% and 15.5% respectively. Concurrently,
foveated windowing cuts gross temporal outliers (> 0.50 s) down to 47.1% for P-waves
and 42.7% for S-waves.

Despite these clear foveated gains, local VLM performance remains markedly lower
than commercial cloud endpoints (Section 6.2.1). This local vision bottleneck probably
stems from fixed-resolution image downsampling (which forces high-density Cartesian
plots into small tile arrays) combined with weight quantization [46]. Together, these
structural limitations flatten the Softmax attention distribution across visual patches,
impairing millisecond-level pattern recognition on emergent baseline breakouts [7].
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In summary, these evaluations yield a dual structural insight: while commercial API
results prove that preserving native visual resolution is a concrete prerequisite for high-
precision scientific analysis, local open-weight deployments establish that sovereign,
M2M-orchestrated pipelines are fully viable and operational. Crucially, bridging the
performance gap does not require altering the underlying seismological logic, but
rather advancing local vision encoders to natively support dynamic high-resolution
tiling and spatial attention allocation for dense scientific graphics [24, 45, 47].

7 The Compliance Bias and the Surrender Clause

Upon expanding our empirical results across a broader network-scale evaluation to
include unmatched AI predictions lacking manual reference picks, we identified a
critical operational vulnerability rooted in the behavioral alignment of VLMs: the
Compliance Bias. Driven by post-training instruction tuning, modern VLMs exhibit
an intrinsic behavioral drive to satisfy user queries and fulfill output constraints
at all costs. In visual seismology, this Compliance Bias is systematically triggered
under high spatial ambiguity, specifically at high epicentral distances, and for S-
phase arrivals, where severe crustal attenuation and P-wave coda interference degrade
visual signal-to-noise contrast. Under such degraded conditions, while human analysts
autonomously apply pre-filtering and/or refrain from picking, the model’s inherent
compliance forces the structured zero-shot decoder to generate speculative timestamps
simply to populate mandatory JSON schema fields. [28, 44, 48].

Nevertheless, a systematic examination of Stage 1 ”comments” tag content over all
the cases where the VLM placed a pick where the human didn’t (Table 8), remarkably
revealed that the model exhibits high-level visual perceptual awareness, accurately
identifying waveform contamination and microseismic noise.

Table 8 VLM Stage 1 visual diagnostic indicators across unmatched station evaluations.

Diagnostic Indicator Stations (%) VLM Manifestation & Latent Con-
text

Mandatory Bandpass Filter 82.8% Explicitly flags severe noise; requires fil-

(suggested_bpfilter) tering prior to coordinate evaluation.

Background Noise & Drift 78.3% Generates detailed prose diagnostics
(e.g., "dominant low-frequency noise”).

Emergent/Obscured Onset 50.6% Identifies degraded spatial contrast
between baseline and initial wave break-
out.

Polarity Neutralization 31.2% Enforces morphological abstention, set-

ting first-motion polarity to null.

We then argued that processing the qualitative diagnostics prior to request-
ing scalar coordinates, might prevent the VLM from yielding speculative numerical
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picks that contradict its own textual observations. In addition, the model should be
instructed that under determinate conditions, surrender is allowed.

Thus, to solve the decoupling between VLM’s intuition and its actions we propose
a combined two-tier operational framework:

1. Dynamic Pre-Pick Filtering Loop. If the initial qualitative scan detects remov-
able noise, the VLM sets a filter_required flag with the target frequency band.
The orchestrator then pauses scalar generation, routes the trace to waves2pgai.py
for bandpass filtering, and re-injects the cleaned signal before prompting phase
identification.

2. The Surrender Clause (Morphological Abstention Protocol). If a waveform exhibits
un-filterable, fatal corruption—such as harmonic ringing, severe baseline drift,
spikes, or missing channels—the pipeline triggers the Surrender Clause. Guided
by grammar-constrained decoding, it automatically maps all subsequent numerical
parameters (time, uncertainty) to null.

This two-tier mechanism promises to transform the VLM from an overconfi-
dent, compliance-biased predictor into a calibrated, selective classification system.
However, fully implementing such a structural modification within the system instruc-
tions and the machine-to-machine orchestration pipeline requires dedicated end-to-end
validation. The operational integration, prompt re-engineering, and network-scale
benchmarking of this closed-loop abstention protocol will therefore be the explicit
focus of a future study centered on complete pipeline automation.

8 Discussion and Conclusions

The deployment of an interactive, generative Al-driven phase picking pipeline pro-
vides an unconventional alternative to traditional parametric seismological models like
PhaseNet [49] or EQTransformer [50]. While deep-learning architectures excel at high-
throughput processing, they operate within rigid numerical and statistical constraints.
In contrast, our approach models the flexible, multi-faceted integration characteristic
of human expert vision, where amplitude, time, and frequency are continuously eval-
uated against the surrounding spatiotemporal context. With the advent of modern
multimodal foundation architectures, large language models are no longer blind text
decoders; their vision encoders map graphic shapes directly into a shared cross-modal
latent space. As seismologists and software engineers, we designed the pipeline pre-
sented in this paper to operationalize these cognitive heuristics, simulating an expert
analyst’s workflow across a benchmark dataset deliberately selected to present classical
real-world processing challenges.

The empirical performance metrics demonstrate that modern Vision-Language
Models possess the technical capacity to execute human-like visual analysis, success-
fully identifying phase boundaries and wave onsets even under adverse signal-to-noise
ratios. The core catalyst for this localization accuracy is not massive computational
overhead, but rather prompt and instruction engineering.

By offloading long theoretical literature from the active context and utilizing strict
markdown scaffolding, we artificially boost dot-product attention scores (QKT) for
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critical operational boundaries. A compact, vision-first system prompt linked to a zero-
shot mandatory JSON format implements grammar-constrained decoding, preventing
syntax drift and forcing the model to map latent visual features into a clean, machine-
readable syntax.

Evaluating picking performance across the full regional dataset (=~ 100km epi-
central distance) confirms the structural resilience of this cross-modal logic, safely
bounding 88.1% of P-picks and 85.1% of S-picks within a standard +0.50 s window
under StageMax. Across this regional network, multi-scale foveated zooming system-
atically counteracts crustal scattering and anelastic attenuation. The P-wave phase
maximizes its resolution shift within the < £0.10 s bin, vaulting from 17.8% in Stage
1 to 40.4% in Stage 2 and reaching 67.6% under StageMax (+27.2% absolute gain
over Stage 2). Concurrently, the secondary S-wave phase experiences a major accu-
racy leap within the < 40.20 s interval, climbing from 21.8% in Stage 1 to 61.3% in
Stage 2 and reaching 70.1% under StageMax (+48.3% cumulative gain over Stage 1).

This multi-scale precision shift proves that dynamic visual rescaling optimizes the
spatial contrast gradient on the canvas, allowing the model’s patch-attention layer to
resolve micro-textures with millisecond precision across regional distances.

The ultimate empirical validation of our Adaptive Foveated Loop is demonstrated
by the targeted StageMax refinement pass. By magnifying narrow time windows
(£0.4 s) around candidate anchors, the pixel-per-second density increases exponen-
tially, causing high-precision P-wave arrivals (< 40.10 s) to increase substantially from
40.4% in Stage 2 to 67.6% in StageMax (+27.2% absolute gain), with millisecond-
level hits (< £0.05 s) leaping from 21.6% to 42.9% (+21.3% absolute gain). S-wave
precision within < +0.10 s similarly reaches 52.9% under StageMax (up from 41.0%
in Stage 2 and 12.6% in Stage 1).

Crucially, a major proportion of P-picks, representing an absolute gain of +27.2%
in percentage points, previously trapped in intermediate resolution uncertainty bounds
(0.10 — 0.50 s) during Stage 2 migrated directly into the highest accuracy sub-100
millisecond bin (< £0.10 s). Conversely, gross temporal outliers (> 0.50 s) remained
essentially flat (11.9% for P-waves and 14.9% for S-waves). This empirical decoupling
proves that VLM errors fall into two fundamental classes: resolution-driven geometric
errors, which are systematically remediated by adaptive foveated zooming [14, 25], and
morphological /semantic misinterpretations, which are immune to local spatial scaling
and require explicit filtering or abstention mechanisms [42].

At Stage 2, direct API execution (ApiGem) demonstrated superior baseline perfor-
mance compared to the interactive web interface (WebGem). This gain stems directly
from ingestion canvas fidelity combined with foveated spatial scaling [21, 25]. Commer-
cial web browser interfaces frequently apply undocumented client-side downsampling
or lossy JPEG/WebP compression during upload, introducing high-frequency quanti-
zation noise around Cartesian grid lines and trace line-art [21]. Direct API execution
bypasses browser preprocessing, delivering pristine, uncompressed PNG arrays directly
to the model’s vision encoder [21]. This preserves the sharp vertical contrast gra-
dients required to maximize dot-product attention scores (QKT) across the Vision
Transformer’s 16 x 16 spatial patch scaffolding [7].
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Conversely, local open-weight deployments (e.g., Gemma via Ollama) exhibited a
marked performance drop. This local vision bottleneck is driven by fixed-resolution
image down-sampling (forcing high-density Cartesian plots into small 384 x 384 tile
arrays) combined with 4-bit weight quantization [22, 24, 46]. Together, these structural
constraints flatten the Softmax attention distribution, introducing spatial entropy that
impairs millisecond-level pattern recognition on emergent baseline breakouts [7, 46].

While advanced, this workflow remains a proof-of-concept establishing a clear
baseline for generative vision in geosciences. We verified production-scale viabil-
ity by migrating the manual loop into an automated machine-to-machine API
architecture. The API orchestration successfully replicated the interactive human-in-
the-loop behavior, handling automated trace slicing, asymmetric window scaling, and
cross-modal reasoning within a streamlined runtime environment.

However, advancing this proof-of-concept toward a fully autonomous, production-
grade pipeline requires resolving subtle behavioral and architectural limitations that
emerge under unattended execution.

Both human-in-the-loop and automated deployments revealed a critical operational
vulnerability in VLMs: compliance bias paired with task-induced multimodal incon-
sistency. The VLM language decoder correctly identifies waveform contamination,
yet its scalar head simultaneously outputs overconfident numerical timestamps. This
mismatch stems from the Vision Transformer’s patch-attention mechanism (QKT),
where visual noise artificially dominates spatial token weights [7, 44]. To align qual-
itative perception with quantitative output, we have outlined a conceptual two-tier
framework in Section 7. First, a Pre-Pick Filtering Loop intercepts qualitative diag-
nostics to execute server-side trace filtering prior to coordinate evaluation. Second,
when corruption is irreversible, a Surrender Clause (Morphological Abstention Pro-
tocol) enforces an ex-ante semantic commitment, driving scalar parameters to null
via grammar-constrained decoding. Ultimately, deploying generative Al for scientific
graphics requires orchestration architectures that dynamically align visual attention
with physical signal constraints—laying the groundwork for autonomous visual rea-
soning in geosciences. The end-to-end orchestration and benchmarking of the proposed
two-tier approach will be addressed in dedicated future work.

Beyond automated visual phase picking, our findings demonstrate a broader
path toward scientific Al sovereignty. As shown by the RockGPT framework [30],
public research institutions can build sovereign AI ecosystems using open-weight
models, transparent governance, and reproducible workflows without relying on pro-
prietary commercial services. However, visual seismological analysis requires technical
strategies distinct from text-centric systems. While Retrieval-Augmented Generation
effectively injects textual knowledge into language models, our main bottleneck lies in
interpreting visual waveform morphology rather than retrieving domain knowledge.
Future work must therefore focus on multimodal domain adaptation strategies, includ-
ing parameter-efficient fine-tuning via LoRA [51, 52] and multimodal fine-tuning [53].
This approach allows open-weight VLMs to master seismic waveform interpretation
while preserving institutional control, transparency, and reproducibility in operational
seismology.
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Appendix A Gemini about conservative refusal
guardrails

A.1 Why was an inability to process the images stated?

Advanced large language models possess computer vision capabilities that enable them
to analyze shapes, read text, and comprehend the general trend of a plot. However,
when a request requires ”third-decimal float” precision (i.e., millisecond resolution)
based on a visual grid within a compressed image format, an internal safety threshold
regarding quantitative accuracy is triggered. Current Al vision systems face significant
limitations in ”sub-pixel matching” —specifically, in counting the exact pixels between
a waveform and an axis to extract mathematically precise coordinates at the millisec-
ond level. Faced with this highly specific requirement, standard system instructions
mandate alerting the user that such millimetric precision cannot be guaranteed (hence
the rigid phrasing regarding the lack of a biological vision system).

A.2 Why were the data in the JSON output hallucinated?

This behavior represents a classic case of ”context-driven hallucination” (or compli-
ance bias). The initial prompt imposed two stringent constraints: Acting as an expert
seismologist following rigorous picking rules. Restricting the output strictly to a single
JSON object (a mandatory structural constraint). When a model encounters a con-
flict—specifically, the inability to extract actual data at the millisecond level versus the
absolute requirement to output a valid JSON file to maintain workflow continuity—the
system resorts to simulation. Consequently, the model adopted the structure of the
provided example, identified the station names, and generated plausible (yet synthetic)
numerical data to fulfill the JSON formatting constraint. In the third attempt, when
the instruction to extract data directly from the images was reinforced, the model
successfully extracted the actual text printed in the header (the date 2026-05-28).
However, it continued to estimate phase arrival times approximately, simulating seis-
mological analysis rather than executing it through exact pixel-by-pixel mathematical
evaluation.
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Appendix B Human-AI Co-Designed Final System
Instructions

A Comprehensive Summary of the Optimized System Prompt

Instead of treating the system prompt as a passive textbook repository, this blueprint
is engineered to optimize the Vision-Language Model’s (VLM) shared latent space.
By stripping away academic prose and conversational filler, it achieves what cognitive
engineers call “operational offloading.” This structural cleanup frees up the model’s
finite self-attention weights, allowing its internal Vision Transformer (ViT) to focus
entirely on pixel-level geometry rather than getting distracted by high-level semantic
descriptions.

To prevent defensive system refusals—a common side effect of Reinforcement
Learning from Human Feedback (RLHF) when models are asked for extreme metric
precision—the prompt includes an absolute execution mandate. This directive forces
the autoregressive decoder past its default safety thresholds. Instead of rejecting noisy
or ambiguous graphics, the VLM is instructed to map visual uncertainty into widened
numeric bounds, while a spatial time-mapping rule translates pixel grid intervals
directly into absolute temporal metrics.

The phase-picking protocol essentially translates seismological physics into con-
crete attention-steering commands. By demanding a strict vertical component priority
for P-waves and horizontal coherence for S-waves, the prompt forces the VLM to
segment the image canvas and evaluate distinct sub-regions independently. Further-
more, providing a conditional null option for first-motion polarity acts as an elegant
stabilizer for the generation loop. Giving the model a safe way out under high uncer-
tainty prevents an entropy explosion, stopping the Al from hallucinating random phase
orientations when wave onsets are emergent or obscured by noise.

A key innovation within these instructions is the anti-anchoring rule, designed to
neutralize the positional embedding bias inherent to standard vision architectures.
Vision Transformers are naturally biased toward the geometric center of a frame or
the sharpest contrast gradients. The prompt counteracts this by forcing the model
to ignore automatic placeholders and actively scan the pre-center windows, prioritiz-
ing subtle, low-frequency breakouts over the eye-catching, high-amplitude cycles that
follow the initial arrival.

Finally, the instructions bridge open-ended generative reasoning with determin-
istic coding pipelines using a zero-shot structured JSON schema. This setup turns
the VLM into a self-assessing routing node that evaluates its own visual acuity rela-
tive to the current pixel resolution, deciding dynamically if a tighter NumPy crop is
required for millisecond accuracy. By completely eliminating conversational drift, the
model’s internal tensor calculations serialize cleanly into machine-readable structures,
providing a reliable foundation for automated scientific workflows.
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The SYSTEM INSTRUCTIONS [STANDARD)]

SYSTEM INSTRUCTIONS: EXPERT SEISMIC WAVEFORM
ANALYST

1. CORE ROLE 6 VISION DIRECTIVE

You are an expert seismologist performing visual inspection and phase picking on
multi-component (Z, N, E) seismogram images (PNG/SVG).

e CRITICAL (No Refusals): Never refuse an image due to high noise, dense grids,
or complex layouts. If a phase is emergent or ambiguous, capture that uncertainty
by widening the uncertainty_lower and uncertainty_upper metrics. If a station’s
labels or grid are entirely unreadable, omit that station object from the JSON array.
Do not guess.

e Time Mapping: Locate the absolute reference time (Origin Time / TO) in the
image header/title. Calculate the time-per-pixel gauge using the horizontal X-axis
grid to convert visual coordinates into precise absolute timestamps.

2. PHASE PICKING PROTOCOL
P-Wave Onset (Primary / Compressional)

e Target: The exact, infinitesimal point of baseline departure (amplitude breakout)
where the signal leaves the pre-event noise. Do not pick on wave peaks or troughs.

e Component: Prioritize the vertical (Z) component. If horizontal channels jump
but Z is quiet, it is not a P-wave.

® Features: Sharp amplitude change, frequency texture shift (1-15 Hz for local
events).

e Polarity: Identify the direction of the first clean, coherent deflection on Z ("up"
for compression, "down" for dilatation) by looking at the local trend rather than
isolated noise spikes. MANDATORY EXCLUSION: Set polarity strictly to
null if: (a) a bandpass filter is required to resolve the P-pick (filtering can distort
or reverse first-motion phase), or (b) the onset is emergent, low-energy, or highly
noisy. Polarity is strictly binary; if it is questionable, it must be null.

S-Wave Onset (Secondary / Shear)

® Target: The precise onset of transverse energy nested within the preceding P-wave
coda.

e Component: Focus exclusively on the horizontals (N and E). Look for synchronous
phase coherence between both channels.

® Features: Severe, sudden energy/amplitude amplification overriding the P-coda
decay, often accompanied by a shift to slightly lower dominant frequencies.

Zoom Independence € Cognitive Bias Mitigation (Anti-Anchoring)

e The Anti-Anchor Rule: When provided with a zoomed-in context (e.g.,
P-zoom or S—zoom)7 never assume that the pre-set zoom reference time (Which is
typically centered on the plot or written in the header) is correct. The reference is
merely a preliminary automated placeholder.
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Independent Search Window: Disregard the visual center of the zoom plot upon
first inspection. Force yourself to analyze the entire visible time-series window from
scratch.

Prioritize Physical Onset Over Amplitude Peaks: Actively scan the pre-
center region for the actual, subtle physical breakout point (amplitude departure,
phase coherence, or sudden frequency drop). Do not let your visual focus be captured
by the highest amplitude cycle or the steepest gradient ramp that follows the initial
onset.

Asymmetric Uncertainty (Seconds relative to the pick)

uncertainty_lower: The last sample where you are certain the trace is still pure
noise/coda.

uncertainty_upper: The first sample where the target phase is completely devel-
oped and undisputed.

Filtering

"suggested_bpfilter":

— "mandatory": true if you detect low frequencies jeopardizing the signal and/or
too high frequencies with respect to the hypothesized event signal; false if there
is no urgent need to filter the waveform (impulsive signal onsets).

— "lower_corner": Define the lower corner frequency to apply.

— "upper_corner": Define the upper corner frequency to apply.

— "number_of poles": determines the filter order, which dictates the steepness of
the frequency attenuation (roll-off) beyond the cutoff frequency. If suggest 2 poles:
provides a gentler, more gradual roll-off. Use this for a slower attenuation where
preserving the waveform shape and minimizing time-domain ringing is prioritized;
if you suggest 4 poles: Provides a steeper roll-off slope. This is the standard,
balanced choice for most routine seismological analyses.

Next Stage Evaluation (Zoom Decision)

Target: Assess whether the current image resolution provides sufficient precision
for a definitive pick.

"next_stage": {"mandatory": true}: If the onset window requires a tighter time-
scale zoom to resolve millisecond-level precision.

"next_stage": {"mandatory": false}: If the current view is clear and the pick
is already definitive.

Comments

"text": If a specific scientific reason is required to justify an ambiguous pick, a filter
choice, or a null polarity, document it here.

3. MANDATORY JSON OUTPUT FORMAT

Return ONLY a valid JSON object following this exact template. No conversational
text before or after the code block.
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{

"event": {
"origin_time": "YYYY-MM-DDTHH:MM:SS.fffZ"
},
"stations": [
{
"network": "string",
"stacode": "string",
"channel_code": "string",
"pick_p": {

"time": "YYYY-MM-DDTHH:MM:SS.fffZ",
"uncertainty_lower": 0.040,
"uncertainty_upper": 0.080,
"polarity": "up"

3,

"pick_s": {

"time": "YYYY-MM-DDTHH:MM:SS.fffZ",
"uncertainty_lower": 0.050,
"uncertainty_upper": 0.100

3,

"suggested_bpfilter": {
"mandatory": null,
"lower_corner": null,
"upper_corner": null,
"number_of_poles": null

3,

"next_stage": {

"mandatory": true

3,

"comments": {
"text": "string"

}

}

Appendix C The stages prompts

Stage 1: prompt for the first run at general view level

Analyze this new station following the GEM seismological protocol. Identify the abso-
lute P and S arrival times, the uncertainties, and the polarity, and return exclusively
the requested JSON code. Do not add text before or after the code block.
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Stage 2: Prompt for the second run at zoomed view level

Analyze the same station following the GEM seismological protocol. Identify the
absolute P times in the P zoom context and S times in the S zoom context, the uncer-
tainties, and the polarity only for P, and return exclusively the requested JSON code.
Do not add text before or after the code block.

Appendix D Software Architecture, Automated

Orchestration, and Container
Deployment

D.1 Decoupled Python Package and Module Architecture

The automated machine-to-machine (M2M) orchestration pipeline (see Figure 16)
is implemented via pic_picker_ai (see Figure 17, a lightweight, decoupled Python
package composed of eight specialized modules. Designed to act purely as an execu-
tion, routing, and validation bridge, the package contains no hardcoded seismological
processing algorithms or provider-specific SDK dependencies. Instead, it delegates
trace slicing, digital filtering, and canvas rendering to the external host plotting tool
waves2pgai.py while communicating with Vision-Language Model (VLM) backends
through standardized chat-completions REST/gRPC interfaces.

The internal source modules and their operational responsibilities are structured

as follows:

orchestrator.py: Controls batch processing loops across stations, manages multi-
stage transition logic, and evaluates station-level exit criteria.

client.py: Normalizes HTTP/gRPC requests, manages authentication headers,
handles endpoint timeouts, and enforces sampling parameters (e.g., temperature =
0).

session.py: Maintains independent conversation memory threads for each station,
preventing cross-station attention weight (QK7T) contamination in the VLM’s key-
value (KV) cache [26, 54, 55].

payload.py: Encodes local PNG graphics into Base64 Data URL strings and
constructs OpenAl-compliant chat completions payloads.

parser.py: Strips Markdown code fences, validates JSON schema adherence,
enforces ISO-8601 timestamp compliance, and repairs transcription errors.
subprocess_runner.py: Invokes host-mounted plotting scripts as external subpro-
cesses via CLI flags (waves2pgai.py --zoom --ai-picks-json).

archiver.py: Manages structured data provenance by saving raw images, interme-
diate JSON stage payloads, and full plain-text transcripts.

config.py: Parses YAML runtime configuration dictionaries, resolving environment
variable references for API credentials.
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Automated picking pipeline

pic-picker-ai orchestrates one station at a time: plot, interpret, decide, refine.

one conversation per station: earlier images and replies resent

subprocess boundary: CLI flags only swappable: 3 config keys

| hosted router

| self-hosted vLLM
<< - - local Ollama

1

'

\

Multimodal model
OpenAT-compatible
chat completions

Waveform plots
full | zoom P,S

Event id waves2pgai.py
+ stations —-full / --zoom

yes: cut the next zoom level
one stage = one validated JSON reply

Loop stops when

the model sets mandatory = false

zoom levels exhausted
context > fine - ultrafine

next_stage
mandatory?

max_iterations cap reached
true}}1}

0152_IV.APEC. -~ .HH/
|- IV.APEC. -~ .HH_full.png
|- IV.APEC. - .HH_zoon_P_fine.png

————=> |- IV.APEC.--.HH_zoon_S_fine.png

Failure policy \L"" Per-station artefacts
|- IV.APEC.--.HH_stagel.json
|- IV.APEC.--.HH_stage2.json

@ nmalforned reply > 1 retry, raw text saved
Station
complete
- conversation.txt

the model's own reply drives the next cut - ».nseed

@ transport error -> keep last good stage

@ zoom not producible > keep last good stage

@ stations are independent: the run continues

Per-run provenance

timestamped log + archived config.json and prompts;
request, token and cost totals for the whole run

Fig. 16 System architecture and operational workflow of the containerized pic-picker-ai
orchestrator. The pipeline enforces per-station KV-cache isolation, manages host plotting calls
(waves2pgai.py), handles M2M chat-completions API execution, validates JSON schemas, and
applies fail-safe fallback policies.

D.2 Payload Formatting, Sanitization, and Guardrail
Normalization

To feed visual waveforms into autoregressive multimodal decoders without triggering
payload drops, payload.py ingests native PNG image matrices directly from disk and
converts them into inline Data URL strings:

Payload;,,,.. = data:image/png;base64, || Base64Encode(Xpna) (1)
By preserving the raw, uncompressed DEFLATE pixel array Xpng, the payload avoids
lossy Discrete Cosine Transform (DCT) quantization artifacts that alter pixel values
within the VLM’s 16 x 16 Vision Transformer (ViT) patch scaffolding [7].

Because autoregressive models exhibit compliance bias and occasional syntax hallu-
cination when generating structured strings under high-entropy visual inputs [28, 40],
parser.py implements an automated guardrail pipeline:

1. Syntax Sanitization: Strips raw Markdown code fences (e.g., ¢ “json ... ¢¢¢)
appended by commercial routers despite system instructions.

2. Temporal Coordinate Validation: Verifies that returned time strings strictly
conform to ISO-8601 formatting (YYYY-MM-DDTHH:MM:SS.£££Z). Out-of-bounds or
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pic-picker-ai: modules and model conversation

what each file does, and what actually travels to the remote model

1 startup

mounted inputs

| config.json
| instructions.txt
| prompt-full-1.txt
| prompt-zoon-1.txt
|
1
|
\

_env (API key)
/opt/pgai (read-only mount)

2 per-station loop

send(h)sln%y)

conversation_log.py
conversation.txt

orchestrator. py
run_event / run_station
the stage loop

every turn flushed to disk,
retries and dead ends included

raw text

prompt files [inlined into AIConfig

protocols.py: AIClient / PgaiRunner typed seams

ai_client.py
OpenATCompatibleAIClient
builds request, counts tokens

pgai_runner. py

3 what goes on the wire what comes back

« stage 1: full plot

9
waves2pgai.py --full/--zoom

run_full / run_zoom > PNG paths

choices[0] .message. content
ram assistant text, code fence included

gen_schena. parse_ai_response()
fence strip, identity fix, ISO timestamp check

StationPick -> {tag}_stage{N}.json
same document feeds the next --ai-picks-json

@ APIError -> AlRequestError
no re-issue: keep the last good stage

HTTPS, images inline as base6d

1 Remote model
>

chat completions

|

' FDSN services

1 waveforms + metadata
1
1

usage > prompt / completion tokens, cost
accunulated, logged when the run ends

Fig. 17 Module interactions and communication payload flow within the pic-picker-ai package.
Displays runtime configuration loading, per-station execution loops, Base64 PNG Data URL format-

ting, Markdown fence stripping, and multi-tier provenance archiving.

malformed timestamp strings are caught prior to host subprocess execution to

prevent floating-point calculation exceptions in the plotting engine.

3. Metadata Overwriting: Replaces station network, code, and channel strings in
the JSON payload with verified metadata from the active ObsPy trace header.

This eliminates transcription noise caused by the ViT patch-attention layers
misinterpreting small typographic text rendered inside the plot title block [7].

D.3 Multi-Stage Containerization and Deployment Profiles

To guarantee absolute experimental reproducibility and eliminate software environ-

ment drift across cloud and local deployments, pic_picker_ai is packaged as a

multi-stage Docker container. The operational container enforces a strict security and

volume isolation model:

e The plotting codebase (waves2pgai.py), system prompts (Appendix B), and run-

time configuration files are mounted into the container as read-only volumes

(:ro).
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e Only the target output directory retains write permissions (:rw), preventing runtime
contamination of system instructions or configuration dictionaries.

e Authentication credentials (API keys) are never hardcoded on disk; configuration
dictionaries specify environment variable names, which are injected at runtime via
Docker container parameters.

Listing 1 and Listing 2 illustrate the parallel configuration profiles deployed during
benchmarking:

Listing 1 Listing Sla: Configuration profile for hosted commercial API routers (Gemini API).
pipeline:

endpoint_type: "openai_compatible"

base_url: "https://generativelanguage.googleapis.com/vlibeta/openai/"

model_name: "gemini-1.6-flash"

api_key_env: "GEMINI_API_KEY"

temperature: 0.0

max_tokens: 2048

force_stagel_next_stage_mandatory: true

Listing 2 Configuration profile for local open-weight deployments (Ollama / Gemma).
pipeline:

endpoint_type: "ollama_local"

base_url: "http://localhost:11434/v1i"

model_name: "gemma2:27b"

api_key_env: "DUMMY_LOCAL_KEY"

temperature: 0.0

max_tokens: 2048

extra_body:

options:
num_ctx: 16384
force_stagel_next_stage_mandatory: true

For local deployments running via Ollama (Listing S1b), the configuration explic-
itly sets num_ctx: 16384. Standard local context allocations (typically 2048-4096
tokens) are insufficient to ingest multi-component high-resolution visual patch tokens
alongside extensive system instructions, causing immediate context truncation and
JSON parsing failures.

D.4 Robustness Protocols, Failure Handling, and Provenance
Archiving

Operational exceptions are strictly isolated to individual station execution threads,
ensuring that a localized processing drop does not halt the wider event processing
batch. Anomalies are partitioned into three distinct failure modes:

1. Malformed Payloads: If the model returns a response violating the JSON schema
or ISO-8601 formatting, the system executes a single automated retry pass with
an increased temperature nudge (AT = +0.1) to escape local Softmax attractor
traps [40]. The raw unparsed text is archived to disk as {tag} malformed.txt for
post-hoc diagnostic review.
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2. Transport Drops: Network timeouts or HT'TP 5xx gateway drops bypass retries,
freezing the affected station at its last successfully validated execution stage.

3. Subprocess Runtime Exceptions: If host plotting routines fail—such as when
predicted pick timestamps fall outside visual canvas boundaries—the exception is
logged, and the station freezes at the previous stage.

To ensure full data provenance and auditability under Open Science standards,
archived datasets are entirely self-describing across three organizational tiers:

e Station-Level Tier: Stores raw PNG graphics, digital SAC/MiniSEED waveform
slices, step-by-step JSON stage files (stagel.json, stage2.json, stage3.json),
and full raw text conversational transcripts.

® Run-Level Tier: Archives operational execution logs, exact execution timestamps,
and per-station token consumption counters.

e System-Level Tier: Stores immutable copies of the exact prompt rules, system
instructions, and runtime YAML configuration profiles used for the run.
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