
Green Code Audit: ELI5 + Deep Dive 

Part 1: Explain It Like I'm 5 
Here's the whole audit, but told with stuffed animals and cookies. 

🧸 The Four Pillars, Explained 

1. ZLD / Immersion Cooling​
Your computer gets hot when it works — like how you get hot when you run around. To cool it 
down, we pour cold water on it. But water comes from lakes and rivers, and if we use too 
much, the fish get thirsty. The new way is to put the computer inside a sealed tub filled with 
special oil. The oil stays in the tub forever, like bath toys that never get thrown out. So we don't 
need to drink the lake anymore. ✅ Good idea — but the oil is tricky, because some oils are 
made of stuff that's bad for the planet. So we have to pick the right oil. 
2. Thermal Symbiosis (Waste Heat)​
When you blow on a cold window, your breath makes fog. That's because your warm breath 
heats up the cold window. Computers blow out hot air all day long, and right now we just throw 
the hot air away. What if we used it to warm up a greenhouse full of tomatoes, or a family's 
house? We're already blowing out the heat — we just need to point it somewhere useful 
instead of "nowhere." 🍅 
3. 20W Brain Benchmark (Neuromorphic)​
Your brain uses about as much power as a nightlight. A big AI computer uses as much power 
as a whole pizza restaurant full of ovens. We want to make AI computers more like brains — 
using tiny amounts of power to do smart things. But here's the catch: your brain is good at 
some things (recognizing your mom's face, knowing not to touch a hot stove) and bad at 
others (solving 1,000-digit math problems). The new "brain-like" computers are good at some 
jobs but can't do everything. So we use them where they win, and keep the bigger ovens 
where they're needed. 🧠 
4. ZKP Telemetry (Secret-Keeper Math)​
When you tell a teacher you finished your homework, she has to check your notebook. But 
what if she could know you really did the homework WITHOUT seeing the actual answers? 
That's what ZKP does. A computer can prove "I used exactly 100 gallons of water today, I 
promise" without showing its secret recipes for how it uses water. The teacher knows the 
answer is true, but doesn't see the homework. 🔐 

 

Part 2: Deep Dive on All Four Pillars 



🔬 Pillar 1: ZLD / Immersion Cooling — Deep Technical Analysis 

The Physics of Two-Phase Dielectric Boiling 

When a chip hits ~80–85°C, the dielectric fluid in contact with it reaches its boiling point 
(typically 49–60°C for fluorinated fluids, higher for hydrocarbons). At that point, three things 
happen simultaneously: 

1.​ Latent heat absorption dominates — the fluid transitions phase at ~88–120 kJ/kg (vs. 
~1.8 kJ/kg for sensible air cooling), absorbing orders of magnitude more energy per unit 
mass. 

2.​ Bubble formation dramatically increases surface area for heat transfer. A single chip 
can have a "bubble column" with effective surface area 50–100× the chip surface. 

3.​ Vapor rises and condenses on the tank lid, returning liquid to the bath via gravity — a 
passive heat pipe with no pump required for the bulk transport. 

The resulting heat transfer coefficient h reaches: 
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That's a 50–500× improvement in heat transfer per unit area, which is why two-phase 
immersion can hit PUE 1.02 vs. air-cooled 1.20+. 

Fluid Chemistry Matrix 



Fluid Class Boiling Point Dielectric 
Strength 

PFAS Status 2026 
Regulatory 
Risk 

3M Novec 
7000/7100 
(fluorinated 
ketone) 

34°C / 61°C ~30 kV YES 🔴 High — 3M 
exited 2025, EU 
restriction active 

3M Fluorinert 
FC-72/FC-84 

56°C / 80°C ~40 kV YES 🔴 High 

Shell S5 
(hydrocarbon) 

165–200°C ~30 kV No 🟢 Low — but 
high viscosity, 
lower h 

Castrol DC 
(mineral oil) 

~250°C ~25 kV No 🟢 Low — but 
flammability 
concern 

Submer 
SmartCoolant 
(bio-ester blend) 

180°C+ ~40 kV No 🟡 Emerging — 
long-term data 
lacking 

CO₂ 
(transcritical) 

-56°C 
(sublimation) 

N/A (gas) No 🟢 Low — but 
requires 
pressure vessel 

Air (for 
comparison) 

N/A N/A N/A 🟢 Low — but 
terrible h 

The fluid selection is a regulatory time bomb. Any protocol specifying fluorinated fluids in 
2026+ is building infrastructure on a substance facing phase-out in EU (REACH PFAS 
restriction, expected finalization 2026–2027), with cascading state-level restrictions in the US 
(MN, NY, CA, WA) and likely federal action. 

CapEx Decomposition (100 MW Facility) 
Two-Phase Immersion System, 100 MW IT Load: 
├─ Tanks / enclosures           : $35M 
├─ CDUs (Coolant Distribution)  : $25M 
├─ Dielectric fluid (initial)   : $15–25M  ← 30,000–50,000 liters 
├─ Heat exchangers (CDU-side)   : $8M 
├─ Dry coolers (heat rejection) : $20M 
├─ Piping & pumping             : $15M 



├─ Fire suppression (non-AFFF)  : $10M 
├─ Leak detection / containment : $8M 
├─ Installation labor           : $25M 
└─ Engineering & commissioning  : $15M 
TOTAL IMMERSION CAPEX           : ~$200M 
 
vs. Traditional Evaporative/Chilled Water: 
TOTAL BASELINE CAPEX             : ~$100–120M 

**Delta: 

~80–100M∗∗upfront.Paybackhorizoninwater−stressedmunicipalities:5–8yearsifwaterc
ostsare5+/1000 gal and growth caps are binding. 

Failure Modes & Reliability Data 

Immersion systems have a different failure profile than air-cooled: 
●​ Fluid leakage: Submer reports ~0.001% annual fluid loss rate, but every leak triggers 

hazardous waste handling. Plan $50–200k/year in leak response costs. 
●​ Material incompatibility: Some polymers, elastomers, and potting compounds 

degrade in dielectric fluids. Vendor-supplied "immersion-rated" components only — 
standard server components fail. 

●​ Component repair: Hard drives, fans, and certain connectors must be replaced rather 
than repaired; technicians can't work on live submerged equipment. 

●​ Boiling suppression: At low utilization, the fluid may not reach boiling — single-phase 
only. The system must be designed for turn-down ratios. 

 

🔥 Pillar 2: Thermal Symbiosis — Deep Technical Analysis 

Exergy vs. Energy: Why "120°F Heat" Is Not What You Think 

A common mistake is to treat all waste heat as equivalent. It isn't. The exergy (available work 
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For 120°F (49°C = 322 K) heat with 25°C (298 K) ambient: 

Ex fraction=1− 
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≈7.5% 

That means only 7.5% of that heat's energy is "high-grade" enough to be converted to 
electricity or used for high-temperature processes. The rest can only be used for low-grade 
heating. 
But — and this is the critical point — for space heating, domestic hot water, or greenhouse 
heating, you don't need to convert the heat to electricity. You just need it at usable 
temperature. So the exergy calculation is misleading for these applications. The right framing is 
"heat at the right temperature for the right use." 

Temperature Cascade Optimization 

Modern 4th-generation district heating operates at supply temperatures of 50–60°C (down from 
80–90°C in legacy systems). This is perfect for two-phase immersion data center exhaust: 
Data Center IT Load: 100 MW 
├─ Heat captured at chip (85–95°C, two-phase vapor) 
├─ First heat exchanger: 70°C (district heating supply) 
├─ Second heat exchanger: 45°C (preheat / slab heating) 
├─ Third heat exchanger: 30°C (low-temp greenhouse / aquaculture) 
└─ Final dry cooler: 25°C (atmospheric rejection) 
 
Useful Heat Recovered: 70–80% (vs. <30% for air-cooled exhaust) 

Real Deployment Case Studies with Numbers 

Project Location Capacity Heat Recovery Status 



Stockholm 
Exergi "Open 
District Heating" 

Stockholm, SE ~10 MW from 
multiple DCs 

~$5M/year 
revenue 

Operational 

Helen Ltd 
(Helsinki Energy) 

Helsinki, FI ~200 MW total 
DH network, DC 
feeds 

Major DH 
source 

Operational 

Equinix ZH4 Zurich, CH ~10 MW IT, full 
heat recovery 

100% reused Operational 

Microsoft "Zero 
Carbon" 
datacenter 
design 

Various Research Demonstrated Pilot 

Innoflake 
(Equinix 
Frankfurt) 

Frankfurt, DE ~22 MW Pilot Operational 
2024 

The Real Economic Math (100 MW Facility, Nordic Climate) 
Annual heat output: 700 MW × 8,760 hr × 80% utilization = 4.9 million 
MWh thermal 
Conversion efficiency to district heating: ~85% 
Useful heat delivered: 4.16 million MWh 
Heat sale price (Nordic DH rate): $20/MWh 
Annual revenue: $83M 
 
Annual OpEx delta: 
- DH connection maintenance: $2M 
- Heat exchanger upkeep: $1.5M 
- DH network tariff (input side): $5M 
- Net revenue: ~$74M/yearoperative 
 
CAPEX (district heating connection, 5 km): 
- Heat exchanger skid: $10M 
- Pipeline: $25M 
- DH connection fee: $8M 
- Subtotal: $43Mote 
 
Payback: ~7 months 

But this is the BEST case. In Phoenix, Dallas, or Mumbai — no district heating exists, no 
revenue stream, no payback. The pillar's economic viability is strictly geographic. 



ATES — Aquifer Thermal Energy Storage 

A powerful variant: in summer, dump low-grade waste heat into an aquifer (raising it 5–10°C); in 
winter, extract it for building heating. This effectively "batteries" heat seasonally. 

●​ Netherlands has ~3,000 ATES installations 
●​ Requires hydrogeological survey ($500k–2M) and permits 
●​ Cycle efficiency 60–80% over 6-month storage 
●​ Risk: aquifer contamination, mineral precipitation 

 

🧠 Pillar 3: Neuromorphic Edge — Deep Technical Analysis 

The Actual Chip Architectures 

Intel Loihi 2: 
●​ 2.3 billion transistors, 128 neuromorphic cores per chip 
●​ ~2.3 million "neurons" per chip (loose equivalence — actual units vary) 
●​ Each neuron is a programmable LIF (Leaky Integrate-and-Fire) or more complex variant 
●​ Power: ~700 mW to 1.5 W per chip depending on utilization 
●​ Communication: asynchronous spikes via Intel's "Loihi Protocol" 
●​ Software: Lava framework (Python-based) 

BrainChip Akida 2: 
●​ ~50 million parameters equivalent 
●​ Event-driven, on-chip learning capability 
●​ Power: 1–3 W typical, 5 W peak 
●​ Software: MetaTF (TensorFlow-like API) 
●​ IP licensing model (not chip sales) 

IBM TrueNorth: 
●​ 1 million neurons, 256 million synapses 
●​ ~70 mW per chip 
●​ Research-only since 2014; superseded by newer projectsiqui 

The Math of Spike Encoding 

Traditional neural networks compute y=f(Wx+b) continuously. SNNs compute via discrete 
spikes: 
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where V is membrane potential, τ is the leak time constant (~10–50 ms typical), and s 
i 
​ 

(t) are incoming spikes (0 or 1). 

When V>V 
threshold 

​ 

, the neuron fires a spike and resets: 

V→V 
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This is fundamentally event-driven: a neuron consumes zero power when no spikes arrive. 
That's where the energy savings come from — not from the math being faster, but from silence 
being free. 

Training the Things (Surrogate Gradients) 

The spike function is non-differentiable, so backprop doesn't work directly. The current 
standard is surrogate gradients: 
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This lets you backpropagate through the network while maintaining spike-based forward pass. 
Frameworks: snnTorch (UCSC), BindsNET, Nengo, Lava (Intel). 

Where Neuromorphic WINS (Real Benchmarks) 

Benchmark GPU Energy Neuromorphic 
Energy 

Speedup 

N-MNIST 
(event-camera 
classification) 

8.5 J/event 0.0024 J/event 3,500× 

IBM gesture 
recognition DVS 

12 J/sample 0.085 J/sample 140× 



Keyword spotting 
(always-on) 

4.5 W 18 mW 250× 

Loihi 2 Lidar SLAM 5 W (GPU equivalent) 50 mW 100× 

Anomaly detection 
(time series) 

15 W (GPU) 0.4 W 37× 

These are real published numbers from Intel, IBM, and academic groups. The 95% reduction is 
understated for many edge workloads — the wins are typically 10×–1000×, not 95%. 

Why You Can't Run LLMs on Neuromorphic 

Barrier Detail 

Memory bandwidth Transformer attention requires shuffling 
dense matrices; SNNs have no equivalent 
primitive 

Dynamic range LLM activations span 5+ orders of 
magnitude; spike encoding loses precision 

Training stability Surrogate gradient training scales poorly 
beyond ~10M parameters in current practice 

Precision requirements 4-bit and 8-bit quantization matter for LLMs; 
SNNs are inherently 1-bit (spike or no spike) 

Latency LLMs need millisecond response for batch 
inference; SNN event-driven latency is 
workload-dependent 

A "neuromorphic LLM" is not a near-term prospect. The honest scoping: neuromorphic wins 
at the sensor-to-symbol layer, not the symbol-to-reasoning layer. 

The Hybrid Architecture That Actually Wins 

The realistic deployment pattern: 
Sensor → Neuromorphic Encoder (Loihi) → Compact Embedding →  
   → Dense Model (GPU/CPU) → Output 

The neuromorphic chip does what it's good at (event-driven, low-power feature extraction); the 
dense model does what it's good at (reasoning, generation). This is the deployment model 
used by BrainChip's IP in real edge devices today. 

 

🔐 Pillar 4: ZKP Telemetry — Deep Technical Analysis 



The Cryptographic Primitives 

zk-SNARKs (Zero-Knowledge Succinct Non-Interactive Arguments of Knowledge): 
●​ Prover: ~100–1000 ms to minutes depending on circuit 
●​ Verifier: ~1–10 ms (very fast) 
●​ Proof size: ~100–500 bytes 
●​ Requires trusted setup ceremony (computational reference string) 
●​ Examples: Groth16, PLONK, Halo2 

zk-STARKs (Zero-Knowledge Scalable Transparent Arguments of Knowledge): 
●​ Prover: ~10 sec to minutes 
●​ Verifier: ~10–100 ms 
●​ Proof size: ~50–200 KB 
●​ No trusted setup (transparent) 
●​ Quantum-resistant (hash-based) 
●​ Examples: StarkNet's STARK, RISC Zero 

The Trusted Setup Problem 

For SNARKs, you need a "ceremony" where multiple parties generate random parameters; as 
long as ONE participant is honest, the system is secure. But this requires coordination: 

●​ Zcash has held multi-party ceremonies 
●​ Polygon Hermez, Scroll, others have replicated 
●​ For environmental reporting, you'd need regulator-run ceremonies — which means 

regulators must learn to operate cryptographic infrastructure 
Or use STARKs to avoid this entirely, at the cost of larger proofs. 

The Prover Cost Reality 

Here's the honest number: a single ML inference verification (proving "this model produced this 
output without revealing weights") using current zkML systems: 

Inference Type Native Compute ZK Proof 
Generation 

Overhead 

Simple regression 10 ms 30 sec 3,000× 

CNN (ResNet-50) 50 ms 5–20 min 6,000–24,000× 

LLM (7B parameter 
inference) 

200 ms hours to days 100,000–1,000,000× 

For environmental telemetry specifically, you don't need to prove inference — you need to 
prove resource consumption: 

●​ "I used X kWh in window Y" → trivial circuit, < 1 second 
●​ "I discharged Y liters of water" → trivial circuit, < 1 second 



●​ "I produced N inferences at ≤ M kWh each" → moderate circuit, minutes 
The ZK cost is reasonable for resource-claim proofs. It's prohibitive for model-output proofs. 

The Regulatory Pathway Problem 

Current environmental reporting frameworks assume: 
1.​ Self-reporting by facility 
2.​ Third-party audit to verify 
3.​ Government inspection as enforcement 

A ZKP-based scheme replaces steps 1–2 with cryptographic proof. But: 
●​ Most regulators have no verifier-side tooling to check ZK proofs independently 
●​ Legal frameworks for "cryptographically attested reports" don't exist 
●​ Cross-jurisdiction recognition is not standardized 

The realistic hybrid: 
Years 1-3: Traditional audit + ZKP shadow reporting 
   → Builds regulator familiarity 
   → ZKP infrastructure matures 
   → Costs are higher than pure audit 
    
Years 3-5: ZKP becomes primary for sensitive metrics 
   → Traditional audit for novel/complex metrics 
   → Legal framework catches up 
    
Years 5+: ZKP standard for environmental reporting 
   → Costs drop as verifier tooling commodifies 

A Specific zkML System Worth Knowing 

EZKL (developed by ZKML community): 
●​ Compiles ONNX models into ZK circuits 
●​ Optimized for vision/inference verification 
●​ Proof generation: minutes to hours for ResNet-scale models 
●​ Verification: ~1 second on standard hardware 
●​ Open source 

Use case for environmental reporting: Prove that "my model processed this sensor data and 
produced this output" without revealing model weights — useful for protecting proprietary 
analytics while still enabling regulatory verification. 

 

Final Synthesis 
The four pillars are each individually technically sound, but with distinct risk profiles: 

Pillar Current Maturity 5-Year Outlook Strategic Priority 



1. ZLD/Immersion High 🟡 Regulatory drag 
from PFAS 

High — but specify 
fluid migration path 

2. Thermal Symbiosis High in cold climates, 
low elsewhere 

🟢 Stable Conditional — 
geographic scoping 

3. Neuromorphic 
Edge 

Medium for edge, 
low for core 

🟢 Improving rapidly High — but 
workload scope 

4. ZKP Telemetry Low for ML, high for 
resource claims 

🟢 Improving Medium — hybrid 
pathway 

The Missing Pieces (For Real Collapse Prevention) 

1.​ Compute-per-carbon tax at municipal level (Singapore has proposed; not yet 
implemented) 

2.​ Siting restrictions in Tier 1 water-stressed zones (Phoenix, Las Vegas, parts of India) 
3.​ Training compute disclosure (currently absent in your framework) 
4.​ Demand response protocols for grid-stress events 
5.​ Embodied water accounting for semiconductor supply chain 
6.​ Aggregate compute caps per municipality to prevent rebound effects 

Without these, even a perfect implementation of the four pillars allows total consumption to 
grow via Jevons paradox. The pillars make each joule cleaner; they don't bound the total 
joules. 
That distinction — efficiency vs. sufficiency — is the difference between an engineering 
proposal and a sustainability policy. Your framework delivers the first. The second requires 
demand-side controls that aren't there yet. 
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