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Abstract: Agentic artificial intelligence (agentic AI) refers to systems that pursue 
goals by planning, invoking external tools, maintaining memory and acting on the 
results with a defined degree of autonomy. This review examines the scope, 
challenges and future directions of agentic AI in geotechnical and earthquake 
engineering, with an explicit distinction between capabilities that have been 
demonstrated and those that remain conceptual. We first propose a taxonomy that 
separates predictive machine learning, generative AI, retrieval-augmented 
language-model systems, tool-using agents, multi-agent systems and closed-loop 
autonomous agents, and we distinguish within-episode feedback and memory 
updating from online learning, reinforcement learning and model retraining. We 
then synthesize 22 studies (2023–2026) in which large language models (LLMs) or 
agents perform geotechnical, earthquake or adjacent structural engineering tasks, 
together with two closed-loop exemplars from chemistry, and classify each by 
architecture, tools, memory, validation, uncertainty treatment, human involvement 
and evidence level. All civil-engineering studies located are prototypes or proof-of-
concept systems; no field-validated agentic deployment in geotechnical or 
earthquake practice was found, and no peer-reviewed study of an agent operating a 
commercial geotechnical finite-element package was identified. We discuss the 
enabling layers that engineering agents require—retrieval-augmented generation 
over codes and site records, knowledge graphs and data standards (AGS4, DIGGS, 
IFC), interoperability with OpenSees, PLAXIS and OpenQuake, and physics-
informed modeling—and report indicative cost and latency figures. An illustrative 
proof-of-concept of the tool layer for CPT-based liquefaction assessment shows 
how deterministic triggering analysis, Monte Carlo uncertainty propagation and 
human approval gates can be combined. Finally, we assess eight challenges with an 
explicit ordinal rubric and present a conditional short-, medium- and long-term 
roadmap linked to eight research gaps. Agentic AI can add value as a supervised 
orchestration layer over validated engineering tools; claims of autonomous 
engineering practice are not yet supported by evidence.  

 
Keywords: agentic AI; large language models; geotechnical engineering; 
earthquake engineering; retrieval-augmented generation; knowledge graphs; 
physics-informed machine learning; liquefaction 

https://crossmark.crossref.org/dialog/?doi=10.53941/bci.2026.100016&domain=pdf


Thapa et al.   Bull. Comput. Intell. 2026, 2(4), 291–317  

https://doi.org/10.53941/bci.2026.100016   292  

1. Introduction 

Geotechnical and earthquake engineering have historically relied on a synthesis of empirical correlations, 
analytical mechanics, numerical simulation and expert judgment to address problems characterized by profound 
uncertainty, spatial variability and potentially catastrophic consequences [1]. Soil–structure interaction under 
seismic loading remains one of the most complex multi-physics problems in civil engineering, governed by 
nonlinear constitutive behavior, pore-pressure generation, strain localization and dynamic site amplification. 
Conventional AI in these fields has largely been confined to supervised learning for property prediction or for 
pattern recognition in monitoring data [2–4], including recent work on pile bearing capacity [5], stabilized-soil 
strength [6] and slope stability in mountainous terrain [7]. 

Large language models (LLMs) have recently been embedded in software systems that plan multi-step tasks, call 
external tools and retain information across steps; such systems are commonly described as LLM-based agents [8–10]. 
In principle, an agent of this kind could read borehole logs and cone penetration test (CPT) soundings, query design 
codes, run a finite-element model and summarize the result for an engineer. Whether, and under what conditions, 
this is achievable in safety-critical geotechnical and earthquake practice is an open question. Early studies show 
that LLMs can assist with geotechnical calculations and reporting but also make conceptual and arithmetic errors 
that require expert checking [11–13]. 

This review distinguishes capabilities that have been demonstrated from those that remain prospective. Its 
objectives are to (i) define agentic AI precisely through a taxonomy that does not treat predictive and agentic systems 
as a binary; (ii) synthesize and classify the existing studies of LLM-based and agentic systems in geotechnical, 
earthquake and adjacent structural engineering by evidence level; (iii) describe the enabling layers—retrieval, 
knowledge representation, interoperability and physics-informed modeling—that engineering agents require; (iv) 
illustrate the workflow with a reproducible proof-of-concept; and (v) derive research gaps and a conditional roadmap. 
Throughout, statements about capability are labeled as demonstrated (with citation) or prospective. 

2. Review Method and Evidence Classification 

2.1. Literature Search 

This is a critical, narrative review supported by a structured literature search rather than a formal systematic 
review. Searches were conducted in Google Scholar, Crossref, OpenAlex, publisher platforms (ASCE, Elsevier, 
Springer, Taylor & Francis, Wiley, MDPI, Nature Portfolio, J-STAGE) and arXiv, up to October 2026. Search strings 
combined agent-related terms (“large language model”, “LLM agent”, “agentic”, “multi-agent”, “retrieval-
augmented”, “tool use”) with domain terms (“geotechnical”, “soil”, “foundation”, “slope”, “liquefaction”, 
“earthquake”, “seismic”, “structural analysis”, “structural health monitoring”, “damage assessment”). Studies were 
included in the comparative synthesis (Section 4) when an LLM, vision-language model or software agent performed 
a geotechnical, earthquake or structural engineering task and the study reported some form of evaluation. Preprints 
were retained because the field is moving quickly, but they are flagged as such. Foundational references on agents, 
retrieval, knowledge graphs, physics-informed machine learning and the relevant engineering methods were added 
to provide context. Every bibliographic record was checked against its publisher, DOI, arXiv or proceedings page. 

2.2. Evidence Levels and Degree of Autonomy 

Each application discussed in Sections 4–6 is assigned one of three evidence levels: (i) demonstrated—used 
in real engineering practice or real physical experiments with documented outcomes; (ii) prototype or proof-of-
concept—implemented and evaluated on benchmarks, textbook problems, laboratory data or retrospective case 
studies, but not deployed in practice; and (iii) conceptual—proposed or argued for, without an implemented and 
evaluated system in the domain. The degree of autonomy demonstrated in a study is classified, following the 
progression in recent taxonomies [14–16], as LLM assistant, tool-using agent, multi-agent system or closed-loop 
autonomous agent (Section 3.1). These labels describe what a study demonstrated, not what its authors anticipated. 

3. Foundations of Agentic AI 

3.1. Definition and Taxonomy 

In the classical sense, an agent is a system that perceives its environment and acts upon it [17]. In current 
usage, “agentic AI” denotes systems in which a generative model—usually an LLM—decomposes a goal into 
steps, selects and calls external tools, observes the results and decides what to do next, with varying amounts of 
human oversight [8,9,14]. The distinction from predictive machine learning is a matter of degree rather than a binary. 
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Predictive models are not necessarily stateless—recurrent and sequence models carry state, and online-learning 
systems update continuously—and agents do not necessarily learn. Likewise, chain-of-thought prompting [18] is a 
prompting technique available to any LLM; it is not a defining architectural property of agentic systems. Table 1 
therefore distinguishes six categories by their defining capability. 

Table 1. Taxonomy of AI system categories relevant to geotechnical and earthquake engineering. Latency values 
are indicative orders of magnitude reported in the cited studies, not benchmarks. 

Category Defining Capability State/Memory Indicative 
Latency Per Task Geotechnical Example 

Predictive ML 

Learns a mapping 
from inputs to a 
target (regression, 
classification) 

Fixed after training; 
sequence models 
carry internal state; 
online learning 
possible 

Milliseconds–
seconds per 
prediction 

Pile bearing capacity from 
soil and pile parameters [5] 

Generative AI 
(single call) 

Generates text, code 
or images from a 
prompt 

Context window 
only Seconds 

ChatGPT drafting a 
geotechnical data report 
[11] 

LLM system 
with retrieval 
(RAG) 

Grounds generation 
in retrieved 
documents 

External document 
index; no planning Seconds 

Geotechnical tutor 
answering from course 
material [19] 

Tool-using 
agent 

Plans steps and calls 
external tools (code, 
solvers, databases) 
in a loop 

Context plus optional 
vector store 

Seconds–minutes; 
e.g., 7–17 min per 
FEA problem [20] 

ReAct agent calling 
bearing-capacity and 
DIGGS-search tools [12] 

Multi-agent 
system 

Several role-
specialized agents 
coordinate (planner, 
executor, checker) 

Shared conversation 
or structured 
memory 

Minutes; e.g., ≈2 
min per design 
scenario [21] 

Router-based agents for 
shallow and pile 
foundation design [22] 

Closed-loop 
autonomous 
agent 

Acts on the physical 
or operational 
environment and 
uses the observed 
outcome to decide 
the next action 

Persistent memory; 
may update policies 

Dominated by 
physical actions 
(experiments, field 
operations) 

None demonstrated in 
geotechnics; laboratory 
exemplar in chemistry [23] 

A concrete engineering example clarifies the difference between goal-directed behavior and tool use. 
Consider a pile-group design task with the goal “confirm that the group meets a 25 mm settlement limit with a 
target reliability index of 3.0, adjusting pile length if necessary”. Tool use is the mechanism: the agent calls a load-
transfer (t–z) analysis written in OpenSeesPy [24] and a reliability routine, and receives numerical results. Goal-
directed behavior is the control logic: the agent decides which analyses are needed, notices that the computed 
reliability index is below the target, increases pile length, re-runs the analyses, stops when both criteria are met, 
and submits the design and its evidence to the engineer for approval. A system that only calls the t–z tool when 
instructed is a tool-using assistant; a system that decomposes the goal and iterates toward it is goal-directed. 

3.2. Architectural Components and Choice of Language Models 

A typical agentic framework for geotechnical and earthquake engineering comprises six interacting components 
(Figure 1). The perception layer converts heterogeneous inputs—borehole logs, CPT soundings, laboratory results, 
imagery and accelerometer streams—into structured representations, using format parsers, optical character 
recognition, vision-language models and signal processing [9]. The planning and reasoning core consists of one or 
more LLMs or vision-language models that decompose tasks, select tools and critique intermediate results [8,10]. 
Memory comprises short-term working memory (the context window and scratchpad) and long-term stores such as 
project databases, design precedents and case histories, often indexed in vector databases [25]. A knowledge layer 
provides retrieval over codes, reports and site records and, where available, a knowledge graph (Sections 3.4 and 3.5). 
The tool layer exposes engineering software—OpenSees and OpenSeesPy [24,26], PLAXIS through its remote-
scripting interface [27], OpenQuake [28], GIS, probabilistic engines, trained surrogates and validated code-check 
scripts—through typed function calls [29,30] or Model Context Protocol (MCP) servers [31]. Finally, the engineer 
of record sets goals and approves safety-critical actions; outputs such as reports, design updates and alerts are 
released only after approval. 



Thapa et al.   Bull. Comput. Intell. 2026, 2(4), 291–317  

https://doi.org/10.53941/bci.2026.100016   294  

 

Figure 1. Architecture of an agentic system for geotechnical and earthquake engineering. The planning and 
reasoning core calls engineering tools through typed interfaces, draws on memory and a knowledge layer, and 
submits proposals to the engineer of record; approved actions generate new observations that re-enter through the 
perception layer. 

One LLM or several? The reviewed studies show that the choice matters. In a 20-problem structural-analysis 
benchmark, accuracy ranged from 100% for GPT-4o to 30% for Llama-3.3 under the same prompting scheme [32]. 
Conversely, a five-agent system built on the open-weight Llama-3.3-70B outperformed single-model baselines 
built on larger proprietary models for 2D frame analysis [33], and a router-based multi-agent system that assigns 
foundation-design tasks to specialized experts reached 95.0% (shallow) and 90.6% (pile) accuracy on 27 cases [22]. 
Surveys of LLM-based multi-agent systems describe how such agents are profiled, communicate and acquire 
capabilities [34]. A single general-purpose LLM is therefore sufficient for assistant-type tasks, whereas multi-step 
engineering workflows benefit from role specialization (planner, executor, checker) and may combine models: a 
capable model for planning and checking, a smaller or open-weight model for routine sub-tasks, a vision-language 
model for imagery [35,36] and an embedding model for retrieval. Open-weight models such as Llama 3 [37] and 
Qwen2.5 [38] can be hosted on premises, which is relevant where site data are confidential. 

3.3. Feedback, Memory and Adaptation 

The presence of a feedback loop is sometimes taken to make an agent self-improving; this is not the case. A 
feedback loop may only correct a decision within one task; it does not by itself change the model. Table 2 
distinguishes five mechanisms. In the workflow of Figure 2, the loop from “reflect and update” back to “perceive” 
represents within-episode decision correction and memory updating; online learning, reinforcement learning and 
retraining are separate processes that must be scheduled, versioned and re-validated. 
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Table 2. Feedback and adaptation mechanisms in agentic systems and their implications for verification and 
validation (V&V). 

Mechanism What Changes Timescale Condition for Calling the 
Agent Adaptive V&V Implication 

Decision 
correction 

Next action, given an 
observation (e.g., re-
run a failed analysis) 
[10] 

Within one task 
Not adaptive across tasks; 
behavior on the next task is 
unchanged 

Validate the control 
logic and stopping 
criteria 

Memory 
updating 

Content of a persistent 
store (lessons, case 
histories, verbal 
reflections); model 
weights unchanged 
[25,39] 

Across tasks 

Adaptive if retrieved 
memories measurably 
change behavior on 
recurring tasks 

Audit memory 
contents; guard 
against storing 
erroneous lessons 

Online learning 

Model parameters 
updated incrementally 
from streaming data 
[40] 

Continuous 
Adaptive; self-improving 
only if held-out 
performance improves 

Monitor drift and 
catastrophic 
forgetting [41,42] 

Reinforcement 
learning 

Policy updated from 
rewards through 
interaction [43] 

Episodes 
Adaptive; requires a safe 
reward and environment 
(often a simulator) 

Validate reward 
design; restrict 
exploration in 
physical systems 

Retraining/fine-
tuning 

Model replaced by a 
new version trained on 
new data 

Scheduled, 
offline 

Adaptive by design; a new 
model version 

Full re-validation 
before release; 
version control 

 

Figure 2. Agentic workflow for geotechnical decision-making. The dashed loop denotes within-episode decision 
correction and memory updating; safety-critical actions pass a human approval gate. 

We therefore call an agent adaptive only when stored information or parameter updates change its behavior 
on recurring tasks, and self-improving only when that change produces a measurable improvement on a fixed, 
held-out benchmark. Neither property has yet been demonstrated for a geotechnical agent. The closest example is 
a non-LLM agentic monitoring framework that adapts its policy through Bayesian inference and reinforcement 
learning on simulated and benchmark structures [44]. 

3.4. Retrieval-Augmented Generation 

Engineering agents cannot rely on the parametric knowledge of a language model alone. LLMs hallucinate—
produce fluent but unsupported content—and their training data have a cut-off date and rarely include project-
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specific records [45,46]. Retrieval-augmented generation (RAG) addresses this by retrieving relevant passages 
from an external corpus at query time and conditioning the response on them [47,48]. For geotechnical and 
earthquake engineering, the corpus can include design codes (e.g., EN 1998-5 [49], ASCE 7-22 [50] and NBC 
105:2020 [51]), geotechnical investigation reports, laboratory databases, site-investigation records, previous case 
histories and validated calculation notes. 

Early evidence is encouraging but limited. Kumar used embedding-based retrieval over the DIGGS schema 
within a ReAct agent [12]; a RAG-supported undergraduate geotechnical tutor built on GPT-4 reached 95% 
accuracy at a temperature setting of 0.1 [19]; and RAG over building codes combined with multi-agent cross-
checking reached 95.5% and 91.3% accuracy on precast-slab and retaining-wall calculations [52]. Retrieval quality 
and domain fine-tuning both affect answer quality on building-code questions [53], and an educational 
geotechnical chatbot restricted to instructor-provided material has been reported [54]; a recent review compares 
prompting, RAG, domain-adaptive pre-training and fine-tuning for geotechnics [55]. RAG reduces but does not 
eliminate unsupported output: retrieved passages may be outdated, incomplete or misread, and in one damage-
assessment study a RAG variant achieved perfect scores that the author attributed to likely memorization of the 
test images [56]. Good practice therefore includes citing the retrieved clause in every answer, restricting retrieval 
to version-controlled sources, and evaluating retrieval and generation separately. 

3.5. Knowledge Graphs and Engineering Ontologies 

A knowledge graph represents entities and their relationships explicitly—for example, borehole BH-3 → 
intersects → alluvial unit A2 → has test → CPT-07 → indicates → loose silty sand—so that facts can be queried, 
checked for consistency and reasoned over [57]. Combining LLMs with knowledge graphs supplies the explicit, 
verifiable structure that LLMs lack, while LLMs can help to populate and query the graph [58]; graph-based 
retrieval (GraphRAG) can answer questions that require aggregation across a corpus [59]. Geoscience knowledge 
graphs are an active field [60], and GeoSciML provides a standard model for geological units and structures [61]. 

Geotechnical practice already has the starting points for an ontology: AGS4 [62] and DIGGS [63] standardize 
the exchange of borehole, in-situ and laboratory data, and IFC 4.3 (ISO 16739-1:2024) extends building 
information models toward infrastructure and ground [64]. A geotechnical ontology linking soil and rock units, 
test types, derived parameters, failure mechanisms, design parameters, code clauses and infrastructure components 
would allow an agent to reconcile heterogeneous logs, check that a design parameter was derived from an 
appropriate test, and trace every recommendation to its evidence. The Geo-Intelligence system, which couples an 
ontology-based knowledge graph of borehole and stratigraphy data with an LLM through GraphRAG and Web-
GIS, is the first geotechnical prototype of this kind that we identified [65]. No shared geotechnical ontology yet 
exists; this is identified as research gap G2 (Section 9). 

3.6. Integration with Engineering Software 

Connecting agents to engineering software raises several practical issues. Access and licensing: OpenSees, 
OpenSeesPy and OpenQuake are open source and scriptable [24,26,28], whereas PLAXIS exposes a remote-scripting 
server and Python wrapper that require a licensed installation [27]; the COMSOL-based FEABench study likewise 
notes the need for a commercial license [20]. Licence terms may restrict automated or cloud-hosted use and must 
be checked. Data exchange: ground data can be exchanged through AGS4 or DIGGS [62,63], geological models 
through GeoSciML or the Open Mining Format (OMF) [61,66], and infrastructure models through IFC [64]. 
Coupled simulations—for example, a soil model and a structural model—can be packaged as Functional Mock-
up Units under the Functional Mock-up Interface (FMI) standard for tool-independent co-simulation [67]. Agent–
tool interface: each tool should be wrapped with a typed schema that states its inputs, units, valid ranges and 
outputs, so that the agent cannot call it outside its domain of validity; MCP provides a common protocol for such 
wrappers [31], and a seismology agent built on MCP servers has been used to configure, run and visualize 
SPECFEM wave-propagation simulations [68]. LLM assistants that convert natural-language or image input into 
geomechanics simulation scripts have been described in a preprint [69], but we found no peer-reviewed study in 
which an agent operates PLAXIS or another commercial geotechnical finite-element package (gap G3). 

3.7. Building an Engineering Agent: Practical Steps, Cost and Latency 

Based on the reviewed implementations, an engineering agent can be built in seven steps: (1) define the goal, 
scope and the decisions that must remain with the engineer; (2) wrap each engineering tool with a typed schema, 
unit checks and validity limits; (3) build the knowledge layer (RAG corpus and, where possible, a knowledge graph); 
(4) choose an orchestration pattern—ReAct-style single agent [10], plan-and-execute, router with experts [22], or 
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designer–checker multi-agent teams [70,71]—using a framework such as LangChain/LangGraph [72,73], 
AutoGen [74] or CrewAI (used in [35]); (5) add guardrails: physics and code checks on every tool output, 
deterministic settings for reproducibility, and approval gates for safety-critical actions; (6) build an evaluation harness 
with held-out problems, repeated runs to measure run-to-run variability and reporting of cost and latency [75]; and 
(7) log every prompt, retrieved document, tool call and result for audit. 

Cost and latency are rarely reported in civil-engineering agent studies. Table 3 collects the published figures 
and adds an indicative estimate. Kapoor et al. showed that accuracy-only benchmarks reward needlessly expensive 
agents and argued for evaluating agents on a joint cost–accuracy frontier [75]. Because API prices change 
frequently, the estimate in Table 3 is expressed per price tier and dated. 

Table 3. Published cost, token and latency figures for LLM agents, and an indicative per-run cost estimate for a 
geotechnical agent workflow. 

Source/Scenario Reported Figure Relevance 

SWE-agent, software repair 
[76] 

Average US$1.59 (GPT-4 Turbo) and 
US$2.59 (Claude 3 Opus) per resolved 
issue; US$4 budget per issue 

Order of magnitude of API cost 
for a multi-step tool-using agent 

MetaGPT vs. ChatDev [77,78] 31,255 vs. 19,292 tokens per software 
project; 541 s vs. 762 s runtime 

Token budgets of multi-agent 
systems 

FEABench, COMSOL agent 
[20] ≈12 min per problem (range 7–17 min) Latency when an agent drives a 

finite-element package 
MASSE, structural design 
(preprint) [21] 

≈2 min vs. ≈2 h for engineers per design 
scenario 

Time saving reported for a multi-
agent design workflow 

DisasTeller, post-disaster [35] “A few minutes” end-to-end; ≈35 output 
tokens s−1 (GPT-4o) 

Latency for post-earthquake 
reporting 

Code-compliant RC design 
[70] 

90% time saving relative to manual 
design 

Productivity rather than 
monetary cost 

Indicative estimate (this study): 
20 LLM calls × (8000 input + 
1000 output tokens) = 160k 
input + 20k output tokens per 
workflow run 

Frontier-tier models (US$4–5 
input/US$20–30 output per million 
tokens): ≈US$1.0–1.4 per run. Mid-tier 
(US$2/US$10–12): ≈US$0.5–0.6. Small-
tier (US$0.10–0.20/US$0.50–1.20): 
≈US$0.03–0.06. List prices accessed 10 
October 2026 [79–81] 

Tool computation (FE runs, 
Monte Carlo) and engineer 
review time are excluded; self-
hosted open-weight models 
replace API fees with hardware 
cost [37,38] 

4. State of the Evidence: LLM-Based and Agentic Systems in Geotechnical and Earthquake Engineering 

Tables 4 and 5 summarize the 22 civil-engineering studies identified by the search (Section 2.1) and two 
closed-loop exemplars from chemistry. Table 4 describes each system (domain, architecture, inputs and outputs, 
external tools, degree of autonomy and memory); Table 5 describes how it was evaluated (validation and dataset 
size, uncertainty treatment, human involvement, limitations and evidence level). Figure 3 maps the studies onto 
application areas and degrees of autonomy. 

Four observations follow. First, every civil-engineering study is at evidence level (ii) or below: we found no 
field-validated agentic deployment in geotechnical or earthquake practice. Second, the most autonomous systems 
are found in structural analysis and design, where multi-agent systems drive OpenSeesPy or code-checking  
tools [21,32,33,52,70,82]; geotechnical studies remain mostly at the assistant level [11,13,19,83,84], with tool use 
demonstrated for data search and bearing capacity [12] and site-investigation knowledge graphs [65]; a router-
based multi-agent system has also been applied to shallow and pile foundation design [22], although no external 
tools were reported for it. Third, most evaluations are small (fewer than about 30 problems or cases, with a few 
larger benchmarks), uncertainty is rarely treated beyond repeated runs, and humans remain responsible for 
checking results in every study. Fourth, for soil–structure interaction, probabilistic seismic hazard analysis with 
OpenQuake and landslide early warning, we found no implemented agentic system; these applications remain 
conceptual (level iii). The only closed-loop systems with physical action are the chemistry exemplars Coscientist 
[23] and ChemCrow [85], which show what level (i) evidence for an agent looks like: real experiments, with 
outcomes checked by independent analytical methods. 
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Table 4. Comparative summary of LLM-based and agentic studies—system characteristics. Autonomy: A = LLM assistant; T = tool-using agent; M = multi-agent system; C = closed-
loop autonomous. “NR” = not reported in the sources consulted. * = preprint. 

# Study Domain Architecture/LLM(s) Input → Output External Tools Aut. Memory 

1 Kumar [12] 
Soil classification; 
DIGGS search; bearing 
capacity 

GPT-3.5/ChatGPT; single 
ReAct agent 

Prompts, soil report, 
DIGGS schema → code, 
XML, classification, 
bearing load 

Custom bearing-
capacity tools; 
FAISS search 

T Vector-store RAG 

2 Shoemaker et al. 
[11] 

Data report; bearing; 
infinite slope; 
liquefaction 

ChatGPT-4, single chat 
Text prompts → report 
template, code, 
calculations 

None A Conversation 

3 Wu et al. [84] Four geotechnical 
problems (workshop) ChatGPT-class LLMs Multimodal data, text → 

prototype solutions 
Code execution; text 
embedding A–T Embeddings (one 

task) 

4 Chen et al. [13] Geotechnical problem 
solving/education 

GPT-4; zero-shot, CoT, 
custom prompts 

Textbook questions → 
solutions None A Conversation 

5 Tophel et al. [19] Geotechnical tutoring GPT-4, Llama-3 via API, with 
RAG 

391 textbook questions 
→ answers Retrieval A Vector-store RAG 

6 Youwai et al. [22] Shallow and pile 
foundation design 

Router + expert agents; 
DeepSeek R1, GPT-4 Turbo, 
Grok 3, Gemini 2.5 Pro 

Design problems → 
calculations NR M NR 

7 Goto et al. [65] Site investigation 
decision support 

LLM with GraphRAG over 
ontology 

Borehole 
XML/CSV/JSON, core 
images → site answers, 
Web-GIS 

Knowledge graph; 
spatial search; Web-
GIS 

T Knowledge-graph 
RAG 

8 Kamran et al. [83] Mine slope stability 
classification Gemini as coding assistant Slope dataset → ML 

pipeline, predictions 
Python/Colab 
(LLM-written code) A Conversation 

9 Ni & Buehler 
[71] Elasticity/FE mechanics GPT-4 with AutoGen; 2-agent 

and 7-agent teams 
Text tasks → FEniCS 
code, results, plots 

Python execution; 
FEniCS M Conversation 

10 Liu et al. [82] Beam structural 
analysis 

Llama-3.3-70B; code 
generation with CoT and few-
shot 

Text problems → 
OpenSeesPy code, 
results 

OpenSeesPy T Prompt examples 

11 Geng et al. [33] * 2D frame analysis Llama-3.3-70B; five agents 
Text problems → 
OpenSeesPy model, 
results 

OpenSeesPy M NR 

12 Liang et al. [32] * Structural analysis 
problems 

GPT-4o (vs. GPT-4, Gemini 
1.5 Pro, Llama-3.3) 

Text → OpenSeesPy 
scripts, results OpenSeesPy T In-context only 
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Table 4. Cont. 

# Study Domain Architecture/LLM(s) Input → Output External Tools Aut. Memory 

13 Liang et al. 
(MASSE) [21] * 

Racking-system 
structural design 

GPT-4o; analyst, engineer and 
management teams 

Project documents → 
loads, analysis, capacity 
verdict 

OpenSeesPy; RAG 
over codes M Structured JSON 

memory + RAG 

14 Chen & Bao [70] Code-compliant RC 
beam design Coordinated multi-agent LLM Natural-language queries 

→ designs, explanations 
Pre-approved 
calculation tools M NR 

15 Choi et al. 
(RAMASC) [52] 

Structural calculation 
incl. retaining walls 

Retrieval-augmented multi-
agent LLM 

Design queries → 
executable Python 
calculations 

Code-provision 
retrieval; Python M RAG 

16 
Mudur et al. 
(FEABench) [20] 
* 

Multiphysics FEA 
benchmark 

Gemini-1.5-Pro controller, 
corrector, verifier, tool-lookup 
agents 

Physics problems → 
COMSOL API calls, 
target value 

COMSOL API; 
snippet retrieval M Snippet RAG 

17 Jiang et al. (SDA-
Chat) [36] 

Post-earthquake 
building damage 

Fine-tuned vision-language 
model 

Damage images, 
questions → damage 
interpretation 

None A Conversation 

18 Chen et al. 
(DisasTeller) [35] 

Post-earthquake 
response and reporting 

GPT-4o controlling four VLM 
agents (CrewAI); Gemma3-
27B tested 

Images, web data, EMS-
98 → grading, alert 
maps, allocation, reports 

Image analysis; web 
search; map 
annotation 

M Inter-agent memory 

19 Estêvão [56] EMS-98 damage 
grading 

GPT-4o, GPT-4o mini, 
Gemini 1.5 Pro/Flash 

Photos → damage grade, 
structural system None A RAG variant tested 

20 Nguyen et al. [86] Vibration-based SHM Prompt-engineered LLM 
Vibration signals → 
insights, damage-
detection program 

In-house program A–T NR 

21 Sharma & 
Bhowmik [44] 

SHM (non-LLM 
agentic) 

Perceive–reason–act–reflect 
loop; Bayesian inference; 
RL/POMDP 

Vibration response → 
damage state, policy 
adaptation 

Frequency-domain 
decomposition C (simulated) Policy state 

22 Ren et al. [68] * Seismic wave 
simulation 

LLM agent with MCP server 
suite 

Conversational intent → 
SPECFEM runs, plots SPECFEM 2D/3D T–C NR 

E1 Boiko et al. 
(Coscientist) [23] Chemistry (exemplar) GPT-4 planner with modules 

Goals → protocols, 
robot commands, 
analyses 

Web/doc search; 
Python; liquid-
handling robot; 
cloud lab 

C Documentation 
retrieval 

E2 Bran et al. 
(ChemCrow) [85] Chemistry (exemplar) GPT-4 with LangChain ReAct 

loop 
Tasks → syntheses, 
analyses 

18 expert tools; 
robotic synthesis 
platform 

T–C NR 
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Table 5. Comparative summary of LLM-based and agentic studies—evaluation characteristics. Evidence levels: (i) demonstrated in practice or real physical experiments; (ii) 
prototype/proof-of-concept; (iii) conceptual. “NR” = not reported in the sources consulted. * = preprint. 

# Study Validation and Dataset Size Uncertainty Treatment Human Involvement Main Limitations Evidence 

1 Kumar [12] Worked examples; one hand-
checked bearing case None Expert designs prompts and 

tools 
Hallucination; arithmetic 
errors; context limits 

(ii) demos in 
forum article 

2 Shoemaker et al. [11] 4 tasks checked by hand; several 
calculation errors None Full human QC Calculation errors (ii) 

3 Wu et al. [84] 4 problem demonstrations NR Expert oversight Accuracy on specialized tasks (ii) 

4 Chen et al. [13] Textbook answers; 28.9% zero-shot, 
34% CoT, 67% custom prompts None Verification essential Higher-order tasks; figures (ii) 

5 Tophel et al. [19] 
391 questions (20-question hard 
subset); GPT-4 95% at temperature 
0.1 

Temperature sensitivity Tutor setting Formula handling (ii) 

6 Youwai et al. [22] 27 cases × 3 runs; 95.0% shallow, 
90.6% piles Repeated runs Oversight for safety-critical 

work Small sample (ii) 

7 Goto et al. [65] Practical queries; GraphRAG vs. 
conventional RAG Search guardrails Engineer as user NR (ii) 

8 Kamran et al. [83] Standard ML metrics (99% accuracy 
reported) NR Human prompts each step Accuracy claim needs 

independent check (ii) 

9 Ni & Buehler [71] ≈5 classical elasticity tasks None Hint needed to fix a 
conceptual error 

Accepted a physically 
implausible result (ii) 

10 Liu et al. [82] 8-problem benchmark, repeated 
runs; >99% Run-to-run reliability User supplies problem Beams only; one LLM (ii) 

11 Geng et al. [33] * 20 problems × 10 trials; >80% in 
most cases Repeated trials NR NR (ii) 

12 Liang et al. [32] * 20 problems; GPT-4o 100%, Llama-
3.3 30% 

Generative stability 
examined NR Small benchmark (ii) 

13 Liang et al. (MASSE) 
[21] * 

100 scenarios from real projects; 11-
engineer timing study NR Restricted to 

research/education Single domain (ii) 

14 Chen & Bao [70] 30 beams vs. SAP2000; 97% 
accuracy Agent cross-checking Engineer makes final 

decision Beams only (ii) 

15 Choi et al. 
(RAMASC) [52] 

95.5% (precast slabs), 91.3% 
(retaining walls) 

Multi-agent cross-
checking NR Two element types (ii) 
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Table 5. Cont. 

# Study Validation and Dataset Size Uncertainty Treatment Human Involvement Main Limitations Evidence 

16 Mudur et al. 
(FEABench) [20] * 

15 gold + 200 large problems; 2/15 
valid targets NR None during runs Licence; simple geometry (ii) 

17 Jiang et al. (SDA-
Chat) [36] 

8195 image–text pairs; 83.0% QA 
accuracy NR NR NR (ii) 

18 Chen et al. 
(DisasTeller) [35] 

5 runs per model; expert and LLM 
scoring; Wajima case 

Non-determinism 
acknowledged 

Human-in-the-loop decision 
support 

Error propagation; weak spatial 
reasoning (ii) 

19 Estêvão [56] EMS-98 images; 28.6–75.0% 
accuracy Mean grade error NR Tiny dataset; possible leakage (ii) 

20 Nguyen et al. [86] 2 case studies from literature NR User knowledge in prompts Discussed by authors (ii) 

21 Sharma & Bhowmik 
[44] 

Simulated 5-storey building; ASCE 
benchmark Bayesian inference NR Simulation only (ii) 

22 Ren et al. [68] * Case studies vs. standard baselines NR Optional human-in-the-loop 
mode NR (ii) 

E1 Boiko et al. [23] 6 tasks; couplings confirmed by GC-
MS 

Comparison with 
Bayesian optimization 

Manual plate handling; one 
guiding prompt 

Dual-use risk; subjective 
scoring (i)–(ii) 

E2 Bran et al. [85] Robotic syntheses; 14 expert-rated 
use cases NR Expert evaluation Tool quality; LLM evaluator 

unreliable (i)–(ii) 
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Figure 3. Evidence map of the reviewed studies by application area and degree of autonomy demonstrated. 
Numbers are counts of studies in Tables 4–5 (a study addressing two areas is counted in both). All are 
prototype/proof-of-concept evidence (level ii); “—” indicates that no peer-reviewed or preprint study was located 
and the capability remains conceptual (level iii). 

5. Scope in Geotechnical Engineering 

5.1. Site Characterization 

Site investigation is an information-gathering problem conducted under budget and time constraints [1,87]. 
Geotechnical data are typically multivariate, uncertain, sparse, incomplete and sometimes corrupted, which 
complicates purely data-driven interpretation [87,88]. An agent could assist by comparing a prior geological model 
with stratigraphy inferred from sparse borings, proposing locations for additional CPTs, and interpreting test data 
through combined language and vision pipelines [65,84]. 

The established approach to the “active learning” step is Bayesian: a probabilistic model of the soil property 
field is updated with each measurement, and the next sounding is placed where an acquisition function is 
maximized. Bayesian compressive sensing reconstructs non-stationary soil profiles from sparse data and provides 
posterior uncertainty at unsampled locations [89]. Using the information entropy of that posterior as the acquisition 
function, Zhao et al. selected CPT locations within a multilayer cross-section that outperformed random placement 
in at least 90% of cases [90]; Wang and Li combined Voronoi diagrams with Bayesian compressive sampling to 
decide both how many samples to take and where [91]. Site-specific multivariate distributions learned from a 
generic database and sparse site data supply priors for such updating [92]. In an agentic workflow, the agent would 
not replace these methods; it would call them as tools, explain the proposed locations and their expected reduction 
in uncertainty, and submit the plan for approval. Evidence status: the Bayesian methods are established; tool-
using agents for geotechnical data search and site-investigation queries are at level (ii) [12,65]; agent-driven 
exploration planning is conceptual (iii). 
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5.2. Liquefaction Assessment 

Liquefaction triggering analysis applies empirical frameworks—from the simplified procedure of Seed and 
Idriss [93] to CPT-based methods [94–96]—under substantial parameter and model uncertainty. Machine-learning 
models have also been trained to predict liquefaction and lateral spreading from case histories [97,98]. An agentic 
workflow could cross-reference CPT-based soil behavior type with borehole grain-size data to resolve ambiguous 
classifications, run Monte Carlo simulations through probabilistic tools, generate explanations with sensitivity 
results, and list ground-improvement options for the engineer to evaluate. Evidence status: a general-purpose 
LLM has performed liquefaction triggering calculations with errors requiring human correction [11]; no tool-using 
liquefaction agent has been reported (iii). Section 7 provides an illustrative proof-of-concept of the tool layer. 

5.3. Slope Stability and Landslide Forecasting 

Landslide early-warning systems already combine monitoring data with alert thresholds [99], and methods 
for forecasting the time of slope failure from displacement data are well reviewed [100]. Bayesian updating can 
incorporate in-situ measurements into slope reliability in spatially variable soils [101,102], and Gaussian-process 
surrogates can replace costly limit-equilibrium analyses in system reliability assessment [103]. Interpretable 
closed-form factor-of-safety models have been developed for stabilized soils in mountainous terrain [7], and a 
physics-informed network embedding Newmark sliding-block physics has been proposed for earthquake-induced 
landslide susceptibility [104]. An agent could orchestrate these components—assimilating InSAR displacement 
and rainfall data, updating factor-of-safety estimates, and proposing staged alerts—but would need validated 
thresholds and human authority over warnings. Evidence status: an LLM has been used as a coding assistant to 
build a slope-classification model [83] (ii); agentic landslide forecasting is conceptual (iii). 

5.4. Foundation Design 

Deep-foundation design requires iterative checks of bearing capacity, settlement and structural capacity under 
several load cases. Predictive models such as optimized neural networks for pile capacity [5] can serve as tools 
within an agent, alongside load–settlement analyses and code checks. Agents can parse investigation reports to 
populate design parameters, iterate between analyses and code-compliance checks, and rank alternatives by 
reliability, constructability and embodied carbon. Evidence status: a router-based multi-agent system has 
performed shallow- and pile-foundation calculations with 90–95% accuracy on 27 cases [22], and an agent has 
called bearing-capacity tools [12] (ii). Retaining-wall calculations with retrieval-augmented multi-agent cross-
checking are reported in the adjacent structural literature [52]. Design optimization over the full trade-off space 
remains conceptual (iii). 

6. Scope in Earthquake Engineering 

6.1. Seismic Hazard Characterization 

Probabilistic seismic hazard analysis integrates seismological, geodetic and paleoseismic data to characterize 
earthquake recurrence, rupture and ground-motion attenuation [28]. Deep learning is now established in 
seismology for earthquake detection and phase picking [105,106]. An agent could query earthquake catalogs and 
fault databases, assemble logic trees of ground-motion models, run OpenQuake to compute hazard curves and 
uniform hazard spectra, and document each modeling choice. Evidence status: an LLM agent using MCP servers 
has configured and run SPECFEM wave-propagation simulations (ii) [68]; we found no agent that performs 
probabilistic seismic hazard analysis (iii). 

6.2. Soil–Structure Interaction 

Soil–structure interaction analysis couples geotechnical and structural models whose assumptions must be 
consistent [26]. Physics-informed and physics-guided networks have learned nonlinear structural seismic response 
from limited data [107,108], and nonlinear single-degree-of-freedom dynamics, including negative-stiffness 
behavior, have been examined as a basis for machine-learning models [109]. LLM agents already generate and 
run OpenSeesPy models of beams and frames [32,33,82]. Extending this to soil–structure interaction would require 
the agent to translate structural demands into soil springs or continuum meshes, run parametric sweeps of soil 
stiffness and damping, and identify governing scenarios. Evidence status: structural analysis agents are at level 
(ii); agentic soil–structure interaction modeling is conceptual (iii). 
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6.3. Structural Health Monitoring and Signal Processing 

Structural health monitoring (SHM) generates continuous vibration data in which changes in modal 
properties may indicate damage; machine learning and computer vision are now widely used for damage detection 
and inspection [110,111]. A prerequisite for any automated assessment is reliable signal processing: strong-motion 
and shaking-table records require filtering and baseline correction, whose choices affect response spectra and 
displacements [112,113]. Deep-learning denoising separates earthquake signal from noise [114], convolutional 
networks have automated the selection of high-pass cut-off frequencies [115], and Bayesian-optimized LSTM 
networks have been benchmarked against tuned signal-processing pipelines for noise suppression in shaking-table 
acceleration records [116]. Such validated processing steps are natural tools for an agent’s perception layer. 
Evidence status: a prompt-engineered LLM framework has been demonstrated for vibration-based SHM on two 
case studies [86], and a non-LLM agentic framework with policy adaptation has been tested on simulated and 
benchmark structures [44] (ii). Agents that autonomously dispatch inspection resources remain conceptual (iii). 

6.4. Post-Earthquake Response and Resilience Planning 

After an earthquake, decision makers must combine remote sensing, field reports and sensor data under 
severe time pressure; datasets such as xBD support building-damage assessment from satellite imagery [117]. 
Vision-language models fine-tuned on damage images reached 83% question-answering accuracy [36], but 
general-purpose models graded EMS-98 damage with only 28.6–75.0% accuracy [56]. The multi-agent 
DisasTeller system produced damage grading, alert maps, resource allocation and recovery reports for an 
earthquake case within minutes, but its authors report error propagation between agents and weak spatial reasoning [35]. 
Evidence status: (ii). Agentic systems for inspection-route prioritization and recovery simulation remain 
conceptual (iii). 

7. Illustrative Proof-of-Concept: Tool Layer for CPT-Based Liquefaction Assessment 

7.1. Purpose and Scope 

To make the proposed workflow concrete, we implemented the tool layer of an agentic liquefaction 
assessment and executed it on a synthetic CPT profile. The purpose is to show what the agent would be asked to 
do, which tools it would call, what they return, and where human approval gates sit. The orchestration logic is 
scripted (rule-based) to represent the plan an LLM planner would follow; the LLM component itself is not 
evaluated here, and the results are not a benchmark of agent performance. The site is hypothetical. 

7.2. Data and Tools 

The synthetic CPT profile extends to 15 m with readings every 0.05 m (300 readings) and the groundwater 
table at 1.5 m. It comprises a silty clay crust (0–1.5 m), loose silty sand (1.5–6.0 m, qt ≈ 3–5 MPa), a transitional 
sandy silt (6.0–6.8 m), clayey silt (6.8–8.5 m) and medium-dense to dense sand (8.5–15 m, qt ≈ 16–22 MPa), with 
log-normal spatial noise (coefficient of variation ≈ 8% on qt and 15% on friction ratio). The design scenario is a 
moment magnitude Mw = 7.8 event with peak ground acceleration amax = 0.25 g. Four tools were implemented in 
Python: (1) a soil behavior type index (Ic) calculator with stress-normalization iteration [118]; (2) the Boulanger 
and Idriss [96] CPT triggering procedure, including fines-content estimation from Ic, the depth-reduction factor, 
magnitude scaling factor and overburden correction; (3) a Monte Carlo engine; and (4) the liquefaction potential 
index (LPI) of Iwasaki et al. [119]. Soils with Ic > 2.6 were screened as not susceptible to liquefaction, and Ic 
between 2.4 and 2.6 was flagged as ambiguous. The Monte Carlo analysis (N = 5000) treated amax as log-normal 
(median 0.25 g, logarithmic standard deviation 0.30), groundwater depth as uniform between 1.0 and 2.5 m, and 
model uncertainty in cyclic resistance as normal in log space with σlnR = 0.20, using the median (50% probability) 
triggering curve [96]. 

7.3. Workflow Trace and Results 

Table 6 lists the steps, tools and outputs, and Figure 4 shows the profiles. The deterministic analysis identified 
a continuous liquefiable layer from 1.55 to 6.05 m (all 90 readings with factor of safety FS < 1; minimum 0.56), 
liquefiable readings within the transitional layer (minimum FS 0.47), and two isolated readings with FS < 1 in the 
dense sand at 8.80 and 9.45 m. The deterministic LPI was 13.1. With uncertainty propagated, the median LPI was 
6.3 (10th–90th percentile 0.1–18.7); the probability that LPI exceeds 5 was 0.55 and that it exceeds 15 was 0.19. 
The deterministic value exceeds the Monte Carlo median because the deterministic curve corresponds to a 16% 
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probability of liquefaction, whereas the Monte Carlo analysis uses the median curve with explicit model 
uncertainty [96]. The full analysis, including 5000 realizations, ran in about 4 s on a standard laptop processor. 

Table 6. Workflow trace of the illustrative proof-of-concept. Steps 3 and 7 are human approval gates; the agent 
proposes but does not decide. 

Step Agent Task Tool Output on the Synthetic Profile Gate 

1 Ingest and check 
CPT data 

Parser and quality 
checks 

300 readings, 0–15 m; no gaps; 
groundwater table 1.5 m — 

2 Classify soil 
behavior Ic calculator [118] 

Mean Ic: 2.10 (1.5–6.0 m),  
2.57 (6.0–6.8 m), 2.91 (6.8–8.5 m),  
1.59 (8.5–15 m); 0.45 m cumulative with 
2.4 < Ic ≤ 2.6 

— 

3 Resolve ambiguous 
classification 

Rule check; 
borehole cross-
reference 

Transitional layer flagged; agent 
recommends sampling for fines content and 
plasticity instead of assuming susceptibility 

Engineer: treat 
as susceptible 
pending 
laboratory data 

4 Deterministic 
triggering 

Boulanger–Idriss 
CPT procedure 
[96] 

FS < 1 continuously at 1.55–6.05 m (min 
0.56) and within the transitional layer (min 
0.47); two isolated readings in dense sand 
flagged as possible thin-layer or transition 
effects; LPI = 13.1 [119] 

— 

5 Propagate 
uncertainty 

Monte Carlo 
engine (N = 5000) 

LPI median 6.3 (P10–P90: 0.1–18.7); 
P(LPI > 5) = 0.55; P(LPI > 15) = 0.19 — 

6 Verify Applicability and 
consistency checks 

qc1Ncs within method limits; deterministic–
probabilistic difference explained; FS 
capped at 2.0 for reporting 

— 

7 Report and propose 
options Report generator 

Ground-improvement options for 1.5–6.8 m 
listed with the evidence and its uncertainty; 
no design change executed 

Engineer: 
select option or 
request further 
investigation 

 

Figure 4. Illustrative proof-of-concept on a synthetic CPT profile: (a) corrected cone resistance; (b) soil behavior 
type index with the 2.6 susceptibility limit and the 2.4–2.6 ambiguous band; (c) deterministic factor of safety against 
liquefaction for susceptible soils below the groundwater table (GWT); (d) distribution of LPI from 5000 Monte 
Carlo realizations, with 5 and 15 marked. 
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The example illustrates three points. First, every quantitative result comes from a deterministic, verifiable tool; 
the role of the language model would be limited to planning, routing, explanation and reporting. Second, the 
uncertainty analysis changes the message for the engineer: the deterministic LPI suggests high severity, whereas the 
probabilistic result indicates roughly even odds of exceeding moderate severity. An agent that reports only one of 
these would mislead. Third, two decisions—how to treat the ambiguous layer and which mitigation to adopt—remain 
with the engineer. A full evaluation of an LLM planner on this workflow, using real CPT soundings with documented 
field performance, is proposed as future work (gaps G1 and G3). 

8. Critical Challenges 

8.1. Data Heterogeneity and Scarcity (C1) 

Geotechnical data are sparse, site-specific and multimodal [87]. Unlike computer-vision datasets, 
geotechnical records lack consistent ontologies, borehole log formats vary between organizations, and 
measurements are often missing or censored, as when cone refusal limits penetration depth. The high cost of in-
situ and laboratory testing means that many projects have little subsurface information [2]. Data standards (AGS4, 
DIGGS) [62,63], knowledge graphs (Section 3.5), federated learning, Bayesian methods that combine generic 
databases with site data [92], and data-centric practices [88] provide partial solutions. 

8.2. Epistemic Uncertainty and Model-Form Error (C2) 

Geomechanics involves ill-posed inverse problems in which constitutive model selection and spatial 
variability introduce large epistemic uncertainty [1]. An agent must represent uncertainty in model choice (for 
example, Mohr–Coulomb versus hardening-soil models), in spatial variability through random-field or Bayesian 
methods [89,101], and in empirical correlations such as liquefaction triggering curves [96]. Monte Carlo 
robustness checks of predictive models, as in recent soil-stabilization work [6], are one component. The illustrative 
example in Section 7 shows how omitting uncertainty can overstate severity. LLMs also introduce their own 
uncertainty—run-to-run variability and sensitivity to prompt wording and temperature [19,82]—which must be 
measured rather than assumed away. Where hazards must be ranked under uncertainty, structured multi-criteria 
frameworks, such as that developed for rockburst in underground construction [120], give agents a transparent and 
auditable basis for prioritization. 

8.3. Physics Compliance, Hallucination and Physics-Informed Modeling (C3) 

LLMs can produce physically inconsistent outputs: in the MechAgents study, an agent plotted the wrong 
stress component and accepted a physically implausible result until a human intervened [71], and general-purpose 
LLMs made calculation errors in geotechnical tasks [11,13]. The principal safeguard is architectural: quantitative 
results should come from verified tools, and every tool output should be checked against physical bounds and code 
requirements. Physics-informed machine learning offers complementary tools [121,122], but the term covers 
distinct approaches with different strengths (Table 7). 

Table 7. Physics-informed and hybrid modeling approaches and their role in geotechnical and earthquake-
engineering agents. 

Approach Principle Advantages Limitations Examples in Geotechnical/ 
Earthquake Engineering 

Physics-
informed 
neural 
networks 
(PINNs) 

Governing PDE 
residuals added to 
the loss function 
[123] 

Forward and 
inverse problems 
with sparse data; 
parameter 
identification 

Training difficulty 
for stiff, multiscale, 
nonlinear problems; 
cost per new 
geometry 

1D consolidation and 
coefficient identification 
[124]; elastodynamics 
[125]; wave propagation 
and inversion [126]; 
landslides (preprint) [104] 

Physics-
guided ML 

Physical knowledge 
in architecture, loss 
or features 
[127,128] 

Better 
extrapolation and 
data efficiency 
than black-box 
models 

Constraints often 
soft; guarantees 
limited 

PhyCNN and PhyLSTM for 
structural seismic response 
[107,108] 
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Table 7. Cont. 

Approach Principle Advantages Limitations Examples in Geotechnical/ 
Earthquake Engineering 

Hybrid 
mechanistic–
data-driven 
models 

Mechanistic model 
plus learned 
correction or 
Bayesian updating 
[128] 

Retains 
interpretability of 
mechanics; 
corrects model-
form error 

Requires a 
reasonable 
mechanistic baseline 

Bayesian updating of slope 
reliability with 
measurements [101] 

Surrogate 
models 

Fast emulator 
trained on simulator 
runs (GPR, neural 
operators) 

Enables Monte 
Carlo and 
optimization at low 
cost 

Valid only within 
training domain; no 
physics guarantee 

GPR for slope system 
reliability [103]; DeepONet 
for nonlinear FE failure 
response [129] 

Differentiable 
simulators 

Numerical solver 
with automatic 
differentiation [130] 

Exact physics; 
gradients for 
inversion and 
design 

Few geotechnical 
constitutive models 
implemented 

No geotechnical application 
identified 

Neuro-
symbolic 
approaches 

Neural learning 
combined with 
symbolic rules or 
knowledge [131] 

Explicit constraints 
and traceable 
reasoning 

Knowledge 
engineering effort; 
scalability 

LLM with ontology-based 
knowledge graph for site 
investigation [65] 

For agentic workflows, these approaches play different roles: surrogates and physics-guided models are fast 
tools that an agent can call many times; PINNs and differentiable simulators support inverse analysis and parameter 
identification; hybrid models allow monitoring data to correct mechanistic predictions; and neuro-symbolic 
methods constrain the agent’s reasoning itself. Interpretable closed-form models, such as those developed for 
stabilized slopes [7], are also valuable because their outputs can be checked by hand. None of these approaches 
alone guarantees physics-compliant agent behavior. 

8.4. Verification, Validation and Trust (C4) 

Civil infrastructure decisions carry life-safety implications that demand rigorous verification and validation 
(V&V) [132]. Verification asks whether computations are implemented correctly; validation asks whether 
predictions agree with experimental and field observations; uncertainty quantification asks whether stated 
confidence is calibrated. For agentic AI these concepts must be extended to the agent’s decision logic, tool 
selection and stopping criteria. Practical elements include held-out benchmark problems with known answers, 
repeated runs to measure variability [22,82], independent checking agents or tools [52,70], complete audit logs, 
and comparison against independent software, as in the comparison of agent designs with SAP2000 [70]. Field 
validation against documented case histories has not yet been reported. 

8.5. Ethical, Legal and Safety Considerations (C5) 

Autonomous design agents challenge professional liability frameworks that assume direct human 
responsibility. We therefore recommend that the engineer of record remain accountable for every design decision 
and that agents be configured to propose, not to approve. Three further issues arise. Accountability in post-
earthquake response: decisions on building occupancy, evacuation or resource allocation must be traceable to a 
named authority; agent outputs should be advisory, logged and reversible, as in the human-in-the-loop design of 
DisasTeller [35]. Compliance with design codes: agent outputs must comply with applicable standards—for 
example EN 1998-5 for foundations and geotechnical aspects in Europe [49], ASCE 7-22 in the United States [50] 
and NBC 105:2020 in Nepal [51]—and codes should be implemented as validated, version-controlled calculation 
tools rather than paraphrased by the language model. Risk-management and regulatory frameworks: the NIST 
AI Risk Management Framework [133] and the EU Artificial Intelligence Act, which imposes human-oversight 
obligations on high-risk systems [134], provide reference points. Equitable deployment in resource-constrained 
regions and protection against adversarial manipulation—poisoned data, prompt injection or compromised tool 
interfaces—are further concerns [8]. 
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8.6. Model Drift and Lifecycle Maintenance (C8) 

Deployed agents face drift at several levels: the statistical properties of incoming data may change (new 
sensors, new soil conditions, post-earthquake changes in structural behavior); the underlying language model may 
be updated or withdrawn by its provider; and the retrieval corpus may change as codes are revised. Concept-drift 
detection and adaptation methods [41,42] should monitor input distributions and tool-output residuals, and any 
change of model version should trigger re-validation on the benchmark suite (Table 2). Pinning model versions 
and archiving prompts and corpora are necessary for reproducibility. 

8.7. Computational Cost, Latency and Interoperability (C6, C7) 

Workflows involving repeated finite-element simulations, stochastic sampling and LLM inference can be 
expensive at scale. Reported latencies range from minutes for design and reporting workflows to about 12 min per 
problem when an agent drives a finite-element package (Table 3), which is acceptable for design but not for 
earthquake early warning, where decisions are needed within seconds. Time-critical functions should therefore be 
implemented as pre-validated, low-latency models, with the agent operating in a supervisory role outside the 
critical path. Interoperability and licensing issues are discussed in Section 3.6. 

8.8. Challenge Assessment 

Table 8 and Figure 5 summarize the eight challenges. The scores are ordinal values defined by an explicit 
rubric, with a justification for each. They are the authors’ qualitative assessment informed by the literature 
reviewed, not measured quantities. 

 

Figure 5. Ordinal assessment of challenges (impact if unresolved versus current tractability) using the rubric of 
Table 8. Scores are the authors’ qualitative assessment, not measurements. 
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Table 8. Ordinal assessment of challenges. Impact (I): 1 negligible; 2 minor; 3 increases effort but workarounds 
exist; 4 blocks deployment in practice; 5 could directly cause an unsafe engineering decision. Tractability (T): 1 no 
known approach; 2 early research; 3 methods demonstrated in prototypes; 4 methods exist but need adaptation; 5 
routine solutions. 

Challenge I T Justification 

C1 Data heterogeneity 
and scarcity 5 3 

Sparse or misread data propagate directly into design parameters; 
standards and Bayesian methods exist but are not linked to agents 
[62,63,87] 

C2 Epistemic uncertainty 
and model-form error 5 2 Overconfident outputs are unsafe (Section 7); uncertainty propagation 

through agent decisions is not yet studied 
C3 Physics compliance 
and hallucination 5 2 Physically implausible results accepted by agents [71]; PIML methods 

immature for multiphysics problems [122] 
C4 Verification, 
validation and trust 5 2 No V&V protocol or field validation for engineering agents; 

benchmarks are small (Table 5) 
C5 Ethics, liability and 
regulation 4 3 Liability frameworks absent, but governance frameworks exist 

[133,134] 
C6 Computational cost 
and latency 3 4 Costs of US$0.03–1.4 per run (Table 3); latency limits real-time use but 

supervisory roles are feasible 
C7 Interoperability and 
licensing 3 4 APIs and exchange standards exist [24,27,67]; integration effort and 

licence terms remain 
C8 Model drift and 
lifecycle maintenance 4 3 Drift methods exist [41,42]; provider model updates are outside the 

user’s control 

9. Research Gaps and a Conditional Roadmap 

Table 9 lists eight research gaps derived from Sections 3–8. Figure 6 arranges them into three horizons 
separated by readiness gates. Following technology-readiness practice [135,136] and scenario planning [137], the 
roadmap is a conceptual scenario: progression to the next horizon is conditional on meeting each gate, not on 
calendar dates, and its pace will depend on regulation, certification and infrastructure readiness. 

Table 9. Research gaps, linked challenges and roadmap horizon. 

Gap Description Challenge Evidence (Section) Horizon 

G1 No open benchmarks or curated case-history 
datasets for agentic geotechnical reasoning C1, C4 4, 7 Short term 

G2 
No shared geotechnical ontology linking 
AGS4/DIGGS data to knowledge graphs and 
RAG corpora 

C1, C7 3.4, 3.5 Short term 

G3 
No field-validated agent deployment; no agent 
operating a commercial geotechnical FE 
package 

C4, C7 3.6, 4 Short → medium 

G4 Uncertainty is not propagated through agent 
decisions C2 7, 8.2 Medium term 

G5 No systematic physics-consistency checking of 
agent outputs C3 8.3 Medium term 

G6 
No verification, validation or certification 
protocol for engineering agents; no drift 
monitoring 

C4, C8 8.4, 8.6 Medium → long 

G7 No liability and governance framework specific 
to engineering agents C5 8.5 Long term 

G8 Cost and latency rarely reported; real-time use 
unsupported C6 3.7, 8.7 Short term 



Thapa et al.   Bull. Comput. Intell. 2026, 2(4), 291–317  

https://doi.org/10.53941/bci.2026.100016   310  

 

Figure 6. Conditional roadmap for agentic AI in geotechnical and earthquake engineering, organized by short-, 
medium- and long-term horizons linked to gaps G1–G8 and separated by readiness gates. G1–G8 are the research 
gaps listed in Table 9. The roadmap is a conceptual scenario, not a forecast; progression between horizons is 
conditional on passing each readiness gate. 

9.1. Short Term: Building the Prerequisites 

The field needs standardized benchmarks for agentic geotechnical reasoning, analogous to those in software 
engineering and multiphysics simulation [20,76], built from curated case histories with documented field 
performance (G1). Data standards should be connected to knowledge graphs and RAG corpora (G2), and validated 
tool wrappers should be developed for OpenSeesPy, PLAXIS and OpenQuake (G3). Every study should report 
cost and latency alongside accuracy (G8) [75]. Domain-specific foundation models for geomechanics are a 
possible longer-term development, but the evidence reviewed suggests that retrieval, tools and domain adaptation 
of existing models [55] offer a nearer path. Gate A: a public benchmark and V&V protocol exist, and prototypes 
reach technology readiness levels (TRL) 4–5. 

9.2. Medium Term: Supervised Deployment 

In this horizon, agents would operate in field pilots under engineer approval gates. Uncertainty should be 
propagated through agent decisions (G4), physics-consistency checks applied to every tool output (G5), and agents 
integrated with geotechnical digital twins that assimilate monitoring data [138–140], with drift monitoring (G6). 
Human–agent collaborative design—agents proposing, critiquing and documenting alternatives while engineers 
decide—is the expected mode of use. Gate B: documented field pilots (TRL 6–7) and guidance from code bodies 
on the use of AI tools. 

9.3. Long Term: Conditional Autonomy 

Only after these gates are passed would certified agents operate with greater autonomy, and then only for 
bounded, low-consequence tasks (G6). The vision of regional resilience platforms that assimilate seismic, geodetic 
and structural data in real time and support emergency decisions remains plausible, but it requires sensor 
infrastructure, communication networks, legal accountability frameworks (G7) and continuous re-validation; such 
platforms should remain under human command. Gate C: an established certification route and legal 
accountability for agent-supported decisions. 
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10. Conclusions 

This review has examined the scope, challenges and future directions of agentic AI in geotechnical and 
earthquake engineering, distinguishing demonstrated capabilities from conceptual ones. The main conclusions are 
as follows. 
• Agentic AI is best defined by a graded taxonomy—from predictive ML through retrieval-augmented and 

tool-using systems to multi-agent and closed-loop agents—rather than a binary contrast with predictive AI. 
Chain-of-thought prompting is not a defining property, and a feedback loop does not by itself make an agent 
self-improving. 

• All 22 civil-engineering studies identified are prototypes or proof-of-concept systems (evidence level ii). The 
most autonomous systems are in structural analysis and design; geotechnical applications are mainly 
assistant-level, with tool use demonstrated for data search, site-investigation queries and foundation design. 
Agentic seismic hazard analysis, soil–structure interaction modeling and landslide forecasting remain 
conceptual. 

• Reliable engineering agents depend on enabling layers: retrieval over version-controlled codes and records, 
knowledge graphs built on existing data standards, typed interfaces to validated engineering software, and 
physics-informed or physics-checked tools. Quantitative results should come from verified tools, not from 
the language model. 

• Reported cost and latency are modest for design tasks (indicatively US$0.03–1.4 per workflow run in API 
fees, minutes per task) but rule out agents from the critical path of real-time warning systems. 

• The proof-of-concept shows that uncertainty propagation can materially change the conclusion of a 
liquefaction assessment and that approval gates can be placed where engineering judgment is required. 

• The highest-priority gaps are open benchmarks and case-history datasets, uncertainty propagation through 
agent decisions, physics-consistency checking, and verification, validation and certification protocols. 
In its current state, agentic AI can add value as a supervised orchestration layer that retrieves evidence, runs 

validated analyses and documents its reasoning for engineers. Claims of autonomous geotechnical or seismic 
engineering practice are not yet supported by evidence; progress toward greater autonomy should be conditional 
on the readiness gates proposed here. 
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