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Abstract

Our workflow leverages High Performance computing (HPC) in the cloud for reservoir simulations of the Norne Field with different well
placement scenarios. Simulation outputs are processed through an LLM-powered multi-agent system including specialized agents for data
processing, scientific and optimization analysis. The framework uses an orchestration agent to coordinate this workflow, analyzing production
potentials across multiple scenarios. Reservoir engineers interact with a chatbot-powered conversational interface to query specific production
forecasts, compare top well candidates, and explore trade-offs—enabling rapid decision making without tedious manual data processing of
complex simulation results.

The implementation of the multi-agentic Al framework in conjunction with the reservoir simulator reduces well placement decision cycles
from a typical 3—4 weeks to under 5 days, saving approximately 80-120 human hours. We demonstrated a 50% reduction in time spent on data
processing/preparation tasks and an improvement in scenario evaluation throughput. The cloud-based architecture eliminated traditional
computational bottlenecks, reducing simulation runtime from weeks to hours through elastic scaling of compute resources. By running multiple
simulation scenarios concurrently rather than sequentially, we achieved a 90% reduction in wait time for results, enabling rapid iteration and
optimization which would not be possible with on-premises HPC infrastructure. Future applications include extending this framework to
uncertainty quantification and real-time reservoir management decisions. The approach demonstrates that agentic Al can serve as a force
multiplier for engineering teams rather than a replacement, transforming how reservoir engineers interact with simulation data and accelerating
field development planning while maintaining technical rigor in decision-making processes.

Introduction
Reservoir simulation for well placement optimization remains one of the most time-intensive workflows in subsurface development, typically

requiring 3—4 weeks of iterative manual analysis and 80—120 human-hours of specialist time per field study. Traditional approaches suffer from
fragmented data integration across disciplines, limited scenario exploration (5-10 cases), and subjective decision-making that leaves significant



production value unrealized. The growing complexity of modern reservoir models demands autonomous systems capable of processing
heterogeneous simulation outputs while maintaining geological consistency.

This study presents the first integration of agentic Al with OPM Flow, an open-source reservoir simulator, orchestrated through Amazon
Bedrock AgentCore. A multi-agent framework decomposes the well placement workflow into specialized subtasks—scenario generation,
simulation execution, data parsing, and interactive analysis—each handled by a purpose-built agent under a supervisor orchestrator. The system
enforces ACTNUM-aware well placement constraints for geological validity, employs Latin Hypercube Sampling for efficient parameter space
exploration, and provides a tool-use chatbot interface for real-time scenario interrogation, reducing engineering decision cycles from weeks to
days at a total compute cost under $15.

Method

The framework operates on the Norne Field dataset (North Sea, Norway), a 46x112x22 corner-point grid with 44,927 active cells and 9.1 years
of production history (1997-2006). A Scenario Generator employs Latin Hypercube Sampling with active cell filtering (98.6% rejection rate)
to place new producer-injector pairs exclusively within reservoir-quality zones. Well controls use BHP mode for producers to prevent
convergence failures in depleted zones and rate mode for injectors, with all wells assigned to a dedicated group to avoid conflicts with
historical schedule data. Twenty development scenarios are generated, each extending the simulation by a 20-year prediction horizon.

The multi-agent system is deployed within Amazon Bedrock AgentCore, comprising four specialized agents (Data Processing, Scenario
Generation, Simulation, and Analysis) coordinated by a Supervisor agent via the InvokeAgent API. Agents execute external tools, including
OPM Flow simulation, SMSPEC/UNSMRY binary parsing, and scenario ranking through AgentCore's Action Group mechanism, while a
Knowledge Base provides RAG-augmented access to Norne field documentation and OPM syntax references. The simulation engine runs on
an hpc6a.48xlarge Spot instance (96 vCPU, ~$0.86/hr) provisioned via CloudFormation, with OPM Flow 2024.04 containerized in Docker. A
Streamlit web interface connects to the Supervisor agent, accessible through SSM port forwarding.

Conclusion

This study demonstrates the successful integration of a multi-agent Al framework with OPM Flow open-source reservoir simulation,
orchestrated through Amazon Bedrock AgentCore, for autonomous well placement optimization on the Norne Field. The best-performing
scenario achieved a +19.9% cumulative oil production uplift over a 20-year prediction horizon, with all 20 generated scenarios completing
successfully (100% convergence rate). The ACTNUM-aware well placement strategy, combined with BHP-controlled producers, ensures
geological validity while eliminating the convergence failures that plague conventional rate-controlled approaches in depleted reservoir zones.

The framework reduces reservoir engineering decision cycles from 3-4 weeks to under 5 days while saving 80—120 human-hours per study, at
a total compute cost below $15 on AWS Spot instances. The open-source stack (OPM Flow + Python + AWS) enables full reproducibility and
scalability across field assets. Future work will extend the framework to multi-objective optimization incorporating water-cut constraints,



integrate real-time production data for adaptive model updating, and explore transfer learning across analogous reservoirs to reduce scenario
generation requirements for new field applications.
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