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Presenter Notes
Presentation Notes
Hi my name is Soumyendu Sarkar. In this paper, we introduce a high-fidelity benchmark born from a landmark collaboration between HPE and Oak Ridge National Laboratory. The goal of this benchmark is to effectively apply modern Agentic AI and RL based control to the Liquid Cooling Optimization problem of HPC data centers. It is one of the biggest challenges for Gigawatt scale data centers being build all around the world.



The AI Scaling Dilemma: More Power, More Heat

• The demand for large-scale AI is 
driving exponential growth in 
data center energy 
consumption. 

• Modern accelerators 
(GPUs/CPUs) have power 
densities that traditional air 
cooling can no longer handle, 
making liquid cooling (LC) 
essential.

• LC can cut cooling energy by 
over 60%, but this potential is 
currently wasted.

• The Problem: Most LC systems 
today run on static, rule-based 
controls, not dynamic, AI-driven 
optimization.
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Presenter Notes
Presentation Notes
The AI revolution is driving unprecedented demand for compute, but with it comes a hidden cost—heat. The very models we showcase at NeurIPS are pushing data centers to their thermal limits. Liquid cooling is no longer optional; it's essential. Yet, despite this shift, most systems still rely on outdated, static control logic. This isn’t just a hardware challenge anymore—it’s a control intelligence problem. To truly unlock Liquid Cooling’s efficiency, we need dynamic, AI-driven optimization.



Challenge: End-to-end scalable Data Center Liquid Cooling Optimization
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A data center is a complex, multi-physics system with 
tightly coupled components: cooling towers, pumps, 
heat exchangers, and thousands of server blades.

This creates a high-dimensional, multi-objective 
optimization challenge:

Global Goal: Minimize total site-
level energy consumption.

Local Goal: Guarantee thermal 
safety for every single server (no 
hotspots).

The Research Gap: The ML 
community has been unable to 
tackle this due to a lack of high-
fidelity, and open testbeds.

Presenter Notes
Presentation Notes
We’re releasing a validated digital twin of the Frontier supercomputer’s cooling system—developed in collaboration with Oak Ridge National Lab. This isn’t just a simulation; it’s a high-fidelity, physics-based model that reflects real-world behavior. By open-sourcing LC-Opt, we’re providing the research and industry community with a robust, risk-free platform to develop and benchmark intelligent control strategies—bridging the gap between simulation and deployment.



Our Contribution: LC-Opt

We present LC-Opt: The first open-source, high-fidelity benchmark for end-to-end liquid cooling 
control.

A True Digital Twin: Built on a validated, high-fidelity Modelica model of the ORNL Frontier 
Supercomputer's cooling system.

Landmark Collaboration: A contribution of the ExaDigiT consortium (HPE, ORNL, and 
international supercomputing centers).

ML-Ready: Features a full Gymnasium interface for standardized RL and AI agent development.
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Presenter Notes
Presentation Notes
We’re releasing a validated digital twin of the Frontier supercomputer’s cooling system—developed in collaboration with Oak Ridge National Lab. This isn’t just a simulation; it’s a high-fidelity, physics-based model that reflects real-world behavior. By open-sourcing LC-Opt, we’re providing the research and industry community with a robust, risk-free platform to develop and benchmark intelligent control strategies—bridging the gap between simulation and deployment.



High-Fidelity, End-to-End Modeling

System Scope: Spans from site-level cooling towers down to granular server blade-groups.
Physics-Based: Captures transient thermo-fluid dynamics using the Modelica modeling language.
AI-Enabled Interfaces: We augmented the model with control interfaces for:
• Cooling Tower (CT) setpoints
• CDU liquid supply temperature & flow rate
• Granular blade-group valve actuation

Modular API: An AutoCSM API allows users to build custom data center models from simple JSON 
descriptions.

Python interface for 
Agentic and RL control
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Presenter Notes
Presentation Notes
LC-Opt is designed for full-system control—from site-level cooling towers to individual server blades. It’s built on a modular, physics-based architecture that reflects real-world thermal and fluid dynamics. What sets it apart is its AI-ready interface: researchers and engineers can directly integrate reinforcement learning and agentic control through Python and Gymnasium. This isn’t a black box—it’s a transparent, configurable platform that enables precise experimentation and scalable deployment.



IT Cabinets: Scalable Data Center Liquid Cooling Optimization
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Presenter Notes
Presentation Notes
We’re releasing a validated digital twin of the Frontier supercomputer’s cooling system—developed in collaboration with Oak Ridge National Lab. This isn’t just a simulation; it’s a high-fidelity, physics-based model that reflects real-world behavior. By open-sourcing LC-Opt, we’re providing the research and industry community with a robust, risk-free platform to develop and benchmark intelligent control strategies—bridging the gap between simulation and deployment.



Cooling Tower: Data Center Liquid Cooling Optimization
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Presenter Notes
Presentation Notes
We’re releasing a validated digital twin of the Frontier supercomputer’s cooling system—developed in collaboration with Oak Ridge National Lab. This isn’t just a simulation; it’s a high-fidelity, physics-based model that reflects real-world behavior. By open-sourcing LC-Opt, we’re providing the research and industry community with a robust, risk-free platform to develop and benchmark intelligent control strategies—bridging the gap between simulation and deployment.



End-to-end scalable Data Center Liquid Cooling Optimization
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Presenter Notes
Presentation Notes
We’re releasing a validated digital twin of the Frontier supercomputer’s cooling system—developed in collaboration with Oak Ridge National Lab. This isn’t just a simulation; it’s a high-fidelity, physics-based model that reflects real-world behavior. By open-sourcing LC-Opt, we’re providing the research and industry community with a robust, risk-free platform to develop and benchmark intelligent control strategies—bridging the gap between simulation and deployment.



Approach 1: Multi-Agent RL for Optimal Control

The Goal: Train agents to find an optimal policy that minimizes energy while ensuring thermal compliance.
Multi-Agent Hierarchy: We define two sets of independent agents:

• Cooling Tower (CT) Agents: Manage global energy. Goal: Minimize total power consumption.
• Blade Group (BG) Agents: Manage local safety. Goal: Keep all blade temperatures in the ideal range.

Innovation for Scale: 
• Centralized Action Execution (CA): We use a shared policy with batched inference to scale to thousands of control points.
• Multi-Head Policy: A novel actor network that disentangles control actions (e.g., flow rate vs. valve position) for stable 

learning.
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Presenter Notes
Presentation Notes
To manage the scale and complexity of HPC cooling systems, we’ve developed a specialized multi-agent reinforcement learning architecture. Instead of relying on a single, monolithic agent—which fails to generalize—we use a hierarchical approach: global agents optimize site-level cooling efficiency, while local agents manage thermal safety at the cabinet level. Centralized action execution and a multi-head policy architecture ensure scalability and stable learning across thousands of control points. This design enables intelligent, coordinated control across the entire infrastructure.



IT Cabinets: How it works

LC-Opt: Benchmarking Reinforcement Learning and Agentic AI for End-to-End Liquid Cooling Optimization in Data Centers 10

Presenter Notes
Presentation Notes
We’re releasing a validated digital twin of the Frontier supercomputer’s cooling system—developed in collaboration with Oak Ridge National Lab. This isn’t just a simulation; it’s a high-fidelity, physics-based model that reflects real-world behavior. By open-sourcing LC-Opt, we’re providing the research and industry community with a robust, risk-free platform to develop and benchmark intelligent control strategies—bridging the gap between simulation and deployment.



Results (1): Multi-Agent RL Dominates Baselines
• We benchmarked 7 strategies, from the 

industry-standard ASHRAE baseline (Case 1) to 
our advanced RL agent (Case 7).

• Key Finding: Granular valve control is critical. 
RL without it (Case 3) fails to maintain 
temperature (64.9% compliance).

• The Winner: Our Multi-Agent RL (CA + Multi-
Head) policy (Case 7) is the best on all fronts.

• Generalization: The RL policy, trained on 5 
cabinets, successfully scales to an unseen 25-
cabinet system, maintaining 92.6% compliance 
while the baseline's performance collapses.
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Presenter Notes
Presentation Notes
Our advanced multi-agent RL policy delivers near-perfect thermal compliance—95.6%—while reducing cooling tower energy consumption by 13%. This demonstrates not just performance, but efficiency at scale. Compared to the industry-standard baseline, our approach maintains temperature control across a much larger system footprint, with significantly lower energy use. These results validate the potential of intelligent control to drive both sustainability and operational reliability in HPC environments.



Approach 2: Agentic AI for Explainable Control

The Problem with RL: Deep RL policies are "black 
boxes." A data center operator will never deploy a 
controller they cannot understand or trust.

A Paradigm Shift: Can we use a Large Language 
Model as the control policy?

Method: Policy Distillation

•First, train a high-performance (PPO) RL agent 
(the "oracle").

•Generate "Experience Data" from this expert 
policy.

•Use PEFT (QLoRA) to fine-tune an instruction-
tuned LLM on this expert data.

The Result: An "Agentic LLM" that can both take 
control actions and explain why it's taking them in 
natural language.
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Presenter Notes
Presentation Notes
While reinforcement learning delivers strong performance, its lack of transparency limits real-world adoption—especially in mission-critical environments like data centers. To address this, we use policy distillation to transfer control knowledge from a high-performing RL agent into a language model. The result is an agentic LLM that not only makes intelligent control decisions, but can also explain its reasoning in natural language. This approach combines RL’s efficiency with the interpretability and trustworthiness needed for deployment.



Results (2): LLMs match RL Performance

The Surprise: Fine-tuned LLM controllers (distilled from RL) outperformed the original RL policy and the 
baseline.

Why? The distillation process appears to smooth out and stabilize the original, high-variance RL policy, 
leading to more robust control.

Explainability: The LLM agent generates real-time, natural language explanations for its control actions.

Human-in-the-Loop Validation: We had domain experts validate these explanations for:

• Trust: Does the explanation match the action?

• Comprehensiveness: Does it explain all parts of the action?

LC-Opt: Benchmarking Reinforcement Learning and Agentic AI for End-to-End Liquid Cooling Optimization in Data Centers 13

Presenter Notes
Presentation Notes
Our most compelling result: fine-tuned language models, distilled from high-performing RL agents, not only matched but exceeded the original RL performance. These agentic LLMs deliver robust control while providing real-time, human-readable explanations for their decisions. This combination of performance and interpretability addresses a critical barrier to deployment—trust. It enables operators to audit and validate control actions, making AI-driven infrastructure management both effective and accountable.



Vision: An Agentic AI Ecosystem for Physical Systems

The LLM controller is just one piece of a larger Agentic AI architecture designed for trustworthy autonomy.

We propose a multi-agent system for holistic, explainable management:

• Control Agent: The fine-tuned LLM policy making decisions.

• Sensor Agent: Interfaces with the digital twin (or real hardware).

• Maintenance Agent: Monitors health and predicts failures.

• User Interface Agent: Provides natural language explanations to the human operator.

A New Research Frontier: LC-Opt is a benchmark for studying reasoning, control, and safety of AI agents in mission-critical physical 
systems.
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Presenter Notes
Presentation Notes
This work lays the foundation for a broader agentic AI architecture—one that enables trustworthy, autonomous control across critical infrastructure domains, from data centers to power grids. LC-Opt is more than a benchmark; it’s a testbed for a full ecosystem of intelligent agents: control agents for decision-making, sensor agents for real-time data integration, maintenance agents for predictive diagnostics, and interface agents for human interaction. Together, they represent a scalable blueprint for safe, explainable, and resilient AI deployment in mission-critical environments.
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Putting it all together
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We’re releasing a validated digital twin of the Frontier supercomputer’s cooling system—developed in collaboration with Oak Ridge National Lab. This isn’t just a simulation; it’s a high-fidelity, physics-based model that reflects real-world behavior. By open-sourcing LC-Opt, we’re providing the research and industry community with a robust, risk-free platform to develop and benchmark intelligent control strategies—bridging the gap between simulation and deployment.



Impact: Agentic AI-Driven Sustainability

Environmental: Our best agent (Case 7) shows 
a ~24% reduction in carbon footprint over the 
baseline in our 2-day experiment.

Efficiency: The benchmark supports Heat 
Recovery Units (HRUs), which our tests show can 
cut cooling tower power by another 21%.

Economic: This translates directly to reduced opex 
(energy costs) and better capex (designing more 
efficient facilities).

Deployable (Sim-to-Real): We provide a clear, 4-
phase pathway from this benchmark to "shadow 
mode" and full production deployment .

-24% -21%
*With heat recovery

LC-Opt
Dev Testbed

Shadow 
ModeProduction

LC-Opt: Benchmarking Reinforcement Learning and Agentic AI for End-to-End Liquid Cooling Optimization in Data Centers 16

Presenter Notes
Presentation Notes
This work goes beyond research—it delivers a deployable solution with measurable impact on sustainability and operational efficiency. Our benchmark demonstrates a 24% reduction in carbon footprint and supports heat recovery strategies that can further cut cooling energy by 21%. With a validated pathway from simulation to production, LC-Opt enables organizations to adopt AI-driven control with confidence, improving total cost of ownership while advancing environmental goals.



The Future: Trustworthy AI for Critical Infrastructure

LC-Opt is a foundational platform bridging industrial-
scale systems and cutting-edge AI research.

It enables a new wave of research on AI safety and 
alignment in the physical world—where mistakes have 
real consequences.

We are open-sourcing the benchmark and models via 
the ExaDigiT consortium to foster global collaboration.

Get involved:

• Paper: https://arxiv.org/abs/2511.00116

• Code: github.com/HewlettPackard/sustain-lc

RL and 
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& Safety

Performance 
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Smart Power 
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Lower Energy 
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Presenter Notes
Presentation Notes
LC-Opt represents a foundational step toward aligning advanced AI reasoning with sustainable, real-world systems. From reinforcement learning’s efficiency to the interpretability of language models, this benchmark bridges performance with trust. We invite the broader AI community to engage with LC-Opt—not just as a tool, but as a platform for building the next generation of intelligent infrastructure: systems that are powerful, transparent, and environmentally responsible.



Thank You

NeurIPS 2025
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