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Dark Matter: the Multi-scale Mystery
Evidence for Dark Matter:

• Rotation Curves (Galactic scale)

• Bullet Cluster (Cluster scale)

• CMB Anisotropies (Cosmological scale)

• Structure Formation (Large scale)

Experimental Landscape
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Axion Search: The ABRACADABRA Frontier

Axion-Modified Maxwell’s Equation 

at  :L ≪ λa

∇ × B ≈ Jeff

Jeff = gaγγ 2ρDMcos(mat)B
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TIDMAD: Bridging AI and Axion Physics

        Open Data 

Release dark matter detector data for AI/ML 

algorithms

        Easy Benchmarking 

Design a quantitative benchmarking score to 

quantify the performance of different algorithms

        AI for Science 

Enables core AI algorithms to extract the signal 

and produce real physics results thereby 

advancing fundamental science
J. T. Fry* , X. H. Fu, Z. Fu, K. M. W. Pappas, L. Winslow, A. Li*  

arXiv:2406.04378  

NeurIPS 2025 D&B Track Spotlight
3/25



TIDMAD: The Principle

CH2: Injected Time Series [Ground Truth] CH1: SQUID Time Series [Noisy]

Train AI denoising model to recover…

No Signal Injected

CH1: SQUID Time Series [Noisy]

Use trained AI model to denoise… 4/25
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TIDMAD: Data Structure and Workflow
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TIDMAD: Example of Training Data
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TIDMAD: Benchmark 1: Denoising Score

Λ = ( 1

n

n

∑
i=0

(SNRSQUID)i × (SNR′￼Injected)i)
Denoising Score = log5.27Λ

Test the denoising score by doping 
gaussian noise into Time Series
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TIDMAD: Benchmark 1: Denoising Score

Traditional Denoising

AI Denoising
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TIDMAD: Benchmark 2: Dark Matter Limits

        Axion Limit Boost 

ABRA TIDMAD Raw: 24 hr data, no denoising 

ABRA TIDMAD Denoised: 24 hr data with FCNet denoising 

ABRA Run 3: 2,400 hr data, no denoising 

Efficient denoising algorithms increased Axion search limit by 

1-2 orders of magnitude, approaching the previous world-

leading ABRA run 3 results with only 1% of statistics
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TIDMAD: From a Static Benchmark to a Physics-Rich Sandbox

A Playground for  
Scientists

AND also for  
LLM Agents
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What LLM Agents Can Already Do
We are already at a new stage!
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What Are the Current Limitations?
Yes, but…
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What Are the Current Limitations?
Yes, but…

Missing: A framework that embodies the Natural Science Paradigm—integrating 
Rigorous Logic with Adaptive Workflow to deconstruct physical systems
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Introducing the SIDERIUS Program
Bridging the Gap between General AI Agents and Physics AI Agents

Scientific Inquiry, Design, Exploration, 

and Reasoning Intelligence Using Multi-Agent SystemsSIDERIUS:
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Introducing the SIDERIUS Program
The High-level Design Principles
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Dive into the Very First Agent: Hyperparameter Tuner
Baseline Models in the TIDMAD Dataset
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The Working Loop

Start point: 

Baseline hypatarameters 

Manually Tuned in TIDMAD
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Dive into the Very First Agent: Hyperparameter Tuner
The Working Loop

Prompt:

You are a Research Analyst. Your job is to 
transform raw experiment results into 

Research Memory. 

### OBJECTIVES: 

- Validate Hypothesis: Compare the initial 

hypothesis with the actual Denoising Score and 

Loss. 

- Extract Discovery: Identify a specific pattern or 

rule learned from this run. 

- Update Memory: Write a concise 'Memory 

Entry' that will guide the Planner in the next 

iteration. 

Start point: 

Baseline hypatarameters 

Manually Tuned in TIDMAD
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The Hyper Parameter Tuning Loop
An example of a “research round”: choose loss for FCNET

"memory": { 

"expert_advice_followed":  None      

"hypothesis": "Shifting from Smooth L1 to Focal Loss will force the AutoEncoder to prioritize reconstruction of 

complex, non-linear signal components, preventing the 'Mean-Output' behavior that leads to the -13.85 score.”, 

"conclusion": "The hypothesis partially held true; while the 'Mean-Output' behavior was successfully mitigated, 

the transition to Focal Loss failed to yield a positive denoising score, resulting in a score of -1.18.”, 

"discovery": "While Focal Loss forces the model to attend to harder samples, it also introduced significant 

gradient instability in the later training stages, causing the loss to plateau and oscillate rather than converge 

toward an optimal reconstruction.” 

"memory_update": "The model is now sensitive to outliers rather than ignoring them. Future experiments should 

keep the Focal Loss structure but incorporate a learning rate scheduler or gradient clipping to stabilize the 

training phase and prevent the observed late-stage oscillation." 

        } 

* For fast prototyping, we only trained on one single file 17/25
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Milestone 1: Auto Hyperparameter Tuning
Clear Improvement within a few Research Loops

* For fast prototyping, we only trained on one single file 18/25



Connecting the Multi-agent System
The Logic Engine: Protocol-Driven Graph Architecture
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Introducing the SIDERIUS Program
Current Achievement: Workflow to propose and train new ML models
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Milestone 2: Proposing New ML Models
Start the workflow by a few sentences

API Token Usage: < $0.3 for a full loop 21/25



Milestone 2: Proposing New ML Models
A demo of one complete loop: 1. Interpretation
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Milestone 2: Proposing New ML Models
A demo of one complete loop: 2. Proposal
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Milestone 2: Proposing New ML Models
Autonomous Loop with a few sentences of human Advice

Proposing New Models: Reached decent denoising score with lightweight models 24/25



The Next Steps & Long-term Proposal
Expand the scope of auto ML task solver 
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Backups



Human Advice to the Workflow:

This one Single Call 

Initiate the Auto-model 

proposing loop



Success Rate in New Model Proposing



Early Stop and Error Handling

"memory": { 

"expert_advice_followed": "You should actively try different model configs, loss types, and train configs, while not 

exceeding the limit of GPU memory. The baseline result is already in your memory — your goal is to find 

configurations that outperform it.”, 

"hypothesis": "Switching from 'ce' to 'focal' loss with a smaller learning rate will provide better gradients for the 

harder-to-classify samples, potentially improving the denoising score further without requiring additional model 

complexity.”, 

"conclusion": "Skipped: estimated VRAM (23.941 GB) exceeds 80% safety limit (22.83 GB).”, 

"discovery": "❌ OOM RISK — Estimated 23.94 GB vs 28.54 GB free (31.3 GB total, 2.80 GB already used). Safety 

limit: 22.83 GB (80%). Bottleneck: transformer_attn.”, 

"memory_update": "Reduce segmentation_size (attention scales O(T²)), or reduce nhead/num_layers." 

        } 


