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What Will You Be Able to Do After This Lecture?

1 Formally derive the constant product AMM formula and calculate impermanent loss as a function of price
divergence

2 Model CBDC monetary transmission as a flow network and analyze disintermediation risk using balance sheet
mechanics

3 Implement NLP-based sentiment scoring for financial text and evaluate ML credit models using calibration curves
4 Quantify ESG rating disagreement using rank correlation and compute climate-adjusted VaR under transition

scenarios
5 Model platform network effects using Metcalfe’s law and Bass diffusion to predict adoption S-curves
6 Evaluate quantum computing threats to financial cryptography and timeline post-quantum migration

Six objectives: formal DeFi math (1), CBDC monetary economics (2), AI/ML implementations (3), ESG quantification (4), platform dynamics (5), and

quantum readiness (6). This lecture combines rigorous theory with working code and 11 data visualizations.
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DeFi CBDC AI ESG Platforms

WARNING:
Freedom may
cause fragility

WARNING:
Inclusion may

cause surveillance

WARNING:
Accuracy may
cause opacity

WARNING:
Measurement

may cause gaming

WARNING:
Convenience

may cause lock-in
Econ 101

Same key opens all five. The
warnings are the interesting part.

Every emerging technology in finance solves one problem while silently creating another.
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Why Does x × y = k Make Automated Market Making Possible?

Definition. Constant product AMM maintains invariant x · y = k where x = reserve of token A, y = reserve of token B.
Price at any point: PA = y/x (price of A in terms of B)
Trade execution: Buying ∆x of token A requires depositing ∆y of token B:

∆y =
y · ∆x

x − ∆x

Slippage (price impact): For trade size ∆x relative to pool size x :

Slippage =
∆x

x − ∆x

Concentrated liquidity (Uniswap v3): Provide liquidity only in range [Pa,Pb ]:

L =
∆x

1√
Pa

− 1√
Pb

Capital efficiency gain:
Pb−Pa

Pb
· 1

uniform range

The constant product formula is elegant but ruthless: every trade moves the price, and large trades face exponentially increasing slippage. This is why

DeFi works for small trades but fails for institutional volume.
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Can You Simulate an AMM Pool and Watch Slippage in Action?

1 import numpy as np

2 class ConstantProductAMM:

3 """Uniswap-style AMM: x * y = k"""

4 def __init__(self, x, y):

5 self.x, self.y = float(x), float(y)

6 self.k = self.x * self.y

7 def price(self):

8 return self.y / self.x

9 def slippage(self, dx):

10 """Price impact of buying dx of token X."""

11 spot = self.price()

12 new_x = self.x + dx

13 dy = self.y - self.k / new_x # tokens Y received

14 return 1 - (dy / dx) / spot

15
16 pool = ConstantProductAMM(x=1000, y=2_000_000) # ETH/USDC

17 for size in [1, 10, 50, 100, 500]:

18 print(f"Trade {size:>4} ETH: slippage = {pool.slippage(size):.4%}")

Run this code: 1 ETH trade has 0.1% slippage; 500 ETH has 33%. Slippage scales nonlinearly – this is why institutional DeFi needs concentrated liquidity.
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How Does Pool Depth Protect You from Slippage?

1

10

100

Trade Size (ETH, log)
$1M

$10M

$100M

Pool Depth (TVL $
, lo

g)

0

10

20

30

40

50

Pr
ice

 Im
pa

ct
 (%

)

AMM Price Impact: Trade Size vs Pool Depth

10

20

30

40

50

Pr
ice

 Im
pa

ct
 (%

)
Illustrative | Constant product x*y=k model

• Contour map: darker = higher price impact
• The “safe zone” (green, <1% impact) grows dramatically

with pool depth
• At $1M pool depth: even a 10 ETH trade hits 2% slippage
• At $100M pool depth: 100 ETH trade stays under 0.1%
• This explains DeFi’s liquidity concentration: 80% of TVL

sits in the top 10 pools because depth = lower slippage =
more volume = more fees = more depth (virtuous cycle)

• The flip side: shallow pools in long-tail tokens face death
spirals – low depth = high slippage = low volume = LPs
leave = even lower depth

Pool depth is DeFi’s moat. Deep pools attract traders, which attracts LPs, which deepens the pool. This virtuous cycle explains why DeFi liquidity is even

more concentrated than traditional finance.
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How Much Do Liquidity Providers Actually Lose to Impermanent Loss?

ETH/USDC 2.5%

0-2% 2-5% 5-10% 10%+

BTC/USDC
3.3%

SOL/USDC

10.7%

PEPE/USDC

24.6%

0 30 60 90 120 150 180
Days

LINK/USDC
1.2%

Impermanent Loss Over Time by Token Pair Volatility

Simulated using geometric Brownian motion

Horizon chart: Each panel is one token pair. Color intensity shows
IL severity.
Impermanent loss formula: For price ratio r = Pt/P0:

IL(r) =
2
√
r

1 + r
− 1

• At 2x price change: IL = 5.7%. At 5x: IL = 25.5%.
• Stable pairs (BTC/USDC): IL mostly green (<2%)
• Volatile pairs (PEPE/USDC): IL mostly red (>10%)
• Trading fees must exceed IL for LP profitability
• Key insight: IL is permanent if you withdraw.

“Impermanent” is a marketing term.

Impermanent loss is only “impermanent” if prices return to your entry point. For most volatile pairs, they never do. The name is DeFi’s biggest

euphemism.

(c) Joerg Osterrieder 2026



Where Does DeFi Yield Actually Come From – and How Much Is Real?

Total Advertised DeFi Yield

20%  APY

Sustainable

8%

Unsustainable

12%

Trading
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Lending
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Token
Inflation
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Mechanics

3%

40%
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60%
unsustainable

DeFi Yield Decomposition: Where Does 20% Actually Come From?

Illustrative decomposition of typical DeFi yield pool

The icicle chart decomposes a typical “20% DeFi yield” into its
sources:
Sustainable yield (real economic activity):

• Trading fees from genuine swap demand
• Lending interest from borrowers with real use cases
• Staking rewards from network security provision

Unsustainable yield (not from value creation):

• Token inflation (protocol prints tokens)
• Liquidity mining (temporary incentives)
• Ponzi mechanics (new depositors fund old)

The acid test: Remove token incentives. Does yield remain
positive? If not, the protocol is unsustainable.

If you remove token incentives and a protocol’s yield drops to zero, you have found a Ponzi scheme with a blockchain. Sustainable DeFi yield is 2–5%, not

20%.
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When Does Yield Farming Beat Simply Holding?

LP return over period [0,T ]:
RLP = Fee yield︸ ︷︷ ︸

sustainable

+Token rewards︸ ︷︷ ︸
temporary

− IL︸︷︷︸
cost

−Gas costs︸ ︷︷ ︸
friction

Breakeven condition:
Fee APR + Token APR > IL + Gas APR

For a Uniswap v3 position in range [Pa,Pb ]:

Fee yield =
Vpool · f
Ltotal

· Li · T

where Vpool = daily volume, f = fee tier (0.3%), Li/Ltotal = LP’s share of in-range liquidity.
Optimal range width: Narrow range = higher fee share but higher IL and rebalancing frequency. Wide range = lower fee share but lower
IL.
Nash equilibrium: In the long run, LP returns converge to opportunity cost of capital (risk-free rate + risk premium). “Alpha” from yield
farming is temporary.

In equilibrium, DeFi yields converge to the risk-adjusted cost of capital. Sustained “alpha” from yield farming is as likely as sustained alpha from stock

picking – theoretically possible, practically rare.
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How Does a CBDC Change the Way Monetary Policy Reaches You?

Traditional transmission: CB rate rCB → Interbank rIB → Deposit rD → Loan rL:

rL = rCB + ∆IB︸︷︷︸
interbank

+ ∆D︸︷︷︸
deposit

+ ∆L︸︷︷︸
credit risk

With CBDC (direct channel): rCB → CBDC wallet rate rCBDC → direct impact:

rCBDC = rCB + δCBDC

where δCBDC is the CBDC interest differential (can be negative to discourage hoarding).
Disintermediation risk: If rCBDC > rD , rational agents move deposits to CBDC:

∆Deposits = −α · (rCBDC − rD ) · D0

where α = substitution elasticity, D0 = initial deposits.
Holding limit as policy tool: Cap CBDC holdings at C̄ to limit disintermediation:

Ci ≤ C̄ ∀ i ∈ citizens Digital euro proposal: C̄ = EUR 3,000

A CBDC shortens the monetary transmission chain from four links to one. This precision comes at a cost: commercial banks lose deposits, threatening the

lending channel that finances 70% of business investment.
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Can You Simulate Bank Disintermediation from a CBDC Launch?

1 import numpy as np

2
3 def cbdc_disintermediation(deposits, cbdc_r, dep_r,

4 elast=0.3, cap=3000, pop=50e6):

5 """Deposit outflow = min(rate-driven, cap-limited)."""

6 rate_diff = max(cbdc_r - dep_r, 0)

7 uncapped = elast * rate_diff * deposits

8 outflow = min(uncapped, cap * pop)

9 return outflow

10
11 base = 8e12 # EUR 8T eurozone household deposits

12 dep_r = 0.015 # 1.5% avg deposit rate

13 print("CBDC rate -> deposit outflow (EUR 3000 cap, 50M adults)")

14 for cbdc_pct in [0.0, 0.5, 1.0, 2.0]:

15 out = cbdc_disintermediation(base, cbdc_pct/100, dep_r)

16 print(f" {cbdc_pct:.1f}%: EUR {out/1e9:.0f}B ({out/base:.1%})")

17 # At 2% CBDC rate: EUR 150B outflow (cap binds at 50M * EUR 3000)

18 # Without cap: EUR 500B+ -- the cap is the safety valve

With a EUR 3,000 holding cap and 50 million eurozone adults, maximum outflow is EUR 150 billion – about 2% of deposits. Without the cap, a 2%

CBDC rate could drain EUR 500 billion. The cap is the safety valve.
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Where Does Money Flow in a Two-Tier CBDC System?

Central
Bank

Commercial
Banks

Citizens

Government

Foreign

Source: Illustrative flow volumes in EUR billions

CBDC Monetary Flows: Two-Tier System

Central Bank Commercial Banks Citizens Government Foreign

Chord diagram: Each arc = a participant. Chords = monetary
flows. Thickness = volume.

• Traditional: CB → Banks → Citizens → Merchants →
Banks → CB (banks in the middle)

• CBDC new flows: CB → Citizens direct (stimulus bypass).
Citizens → Citizens (P2P). Gov → Citizens (instant
welfare).

• What changes: Banks lose obligatory intermediary role. CB
gains direct citizen relationships.

• What stays: Banks still provide credit, advice, and risk
management.

• Existential question: if citizens hold CB money directly, why
maintain a bank account? Answer: credit, yield, and
services.

The chord diagram reveals what CBDC really disrupts: not money itself, but the routing of money. Banks lose their role as obligatory waypoints between

the central bank and citizens.
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How Private Is Your CBDC – and How Private Should It Be?

20

e-CNY
(China)

60

Digital Euro
(EU)

40

Sand Dollar
(Bahamas)

30

e-Naira
(Nigeria)

75

Digital Franc
(Hyp.)

100

Cash
(Benchmark)

CBDC Privacy Spectrum: From Surveillance to Anonymity

Source: Illustrative privacy assessment based on design features
0 30: Surveillance 30 60: Balanced 60 100: Private

Each gauge shows one CBDC’s privacy level (0 = fully transparent,
100 = fully anonymous).

• e-CNY: Controlled anonymity. PBOC has full view.
“Managed anonymity” means the state decides.

• Digital Euro: Tiered privacy. Below-threshold payments are
“cash-like.” The threshold is the key policy choice.

• Sand Dollar: Transaction limits rather than true privacy.
• Cash benchmark (100): The only fully anonymous payment.

As cash declines, CBDC privacy becomes existential.
• The gap between China (∼20) and a hypothetical Swiss

design (∼75) shows privacy is a policy choice, not a
technical constraint.

CBDC privacy is not a technology question – it is a policy question. The same infrastructure can deliver anonymity or surveillance. The gauge reading

depends on who writes the rules.
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Can CBDCs Replace SWIFT – and What Would That Mean for Dollar Hegemony?

Current cross-border payment: Sender Bank → Correspondent A → SWIFT → Correspondent B → Receiver Bank. Cost: 2–7%, Time:
2–5 days, Intermediaries: 3–5.
Multi-CBDC bridge (Project mBridge model):

Tcross-border = Tvalidation + TFX conversion + Tsettlement

where all three happen atomically on a shared ledger.
Atomic DvP (Delivery vs Payment):

CBDCA
smart contract−−−−−−−→ CBDCB

at rate rA/B determined by oracle or on-chain AMM.
Dollar hegemony threat: If e-CNY settles oil purchases directly, no need for USD intermediation:

USD share of reserves = f (SWIFT dependence)

Network effects protect incumbents: Vnetwork = α · n2 (Metcalfe). SWIFT has 11,000+ institutions.

Multi-CBDC bridges threaten the dollar’s role as reserve currency by removing the need for USD intermediation. But network effects protect incumbents –

replacing SWIFT requires replacing 11,000+ institutional connections.
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How Do You Turn Text into a Trading Signal?

Sentiment scoring pipeline:

1 Tokenization: text → [w1,w2, . . . ,wn]
2 Embedding: wi → vi ∈ Rd (Word2Vec, BERT)
3 Aggregation: s = 1

n

∑
i vi (simple) or attention-weighted

4 Classification: P(positive) = σ(wT s + b)

FinBERT vs generic BERT: Domain-specific fine-tuning shifts the embedding space:

L = −
∑
i

[yi log ŷi + (1 − yi ) log(1 − ŷi )]

Sentiment-return relationship (cross-sectional regression):

ri,t+1 = α + β · Si,t + γ · Xi,t + ϵi,t

where Si,t = sentiment score, Xi,t = controls (market cap, momentum).
Information decay: Sentiment signal half-life is ∼2–5 trading days for news, ∼15–30 days for earnings calls.

Sentiment scoring turns unstructured text into quantitative signals. FinBERT outperforms generic models because financial language is domain-specific –

“volatile” means opportunity to a trader and risk to a regulator.
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Can You Build a Financial Sentiment Classifier in 20 Lines?

1 # Bag-of-words sentiment (educational -- production uses FinBERT)

2 POS = {’growth’,’profit’,’beat’,’upgrade’,’strong’,’bullish’,’dividend’}

3 NEG = {’loss’,’decline’,’downgrade’,’risk’,’default’,’recession’,’layoff’}

4
5 def sentiment(text):

6 words = set(text.lower().split())

7 p, n = len(words & POS), len(words & NEG)

8 return (p - n) / (p + n) if p + n else 0.0

9
10 headlines = [

11 "Revenue growth beat estimates amid strong innovation",

12 "Risk of default following fraud and recession fears",

13 "Dividend upgrade signals bullish recovery outlook",

14 ]

15 for h in headlines:

16 s = sentiment(h)

17 tag = "POS" if s > 0 else "NEG" if s < 0 else "NEU"

18 print(f"{s:+.2f} [{tag}] {h[:50]}")

This toy model uses word counting. Production systems use FinBERT with 110M parameters. But the principle is identical: convert text to numbers,

classify, and trade on the signal.
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How Confident Should You Be in an AI Credit Score?
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AI Credit Scoring: Prediction Uncertainty Over Time

Source: Monte Carlo simulation of default probability evolution
Point estimate 95% PI 90% PI 75% PI 50% PI

Fan chart: Central line = model prediction. Bands = uncertainty.

• A well-calibrated model: 90% of actual outcomes fall within
the 90% band

• An overconfident model: narrow bands that miss reality –
the most dangerous failure mode

• Low-risk borrowers: Narrow fan, high confidence. Abundant
training data.

• High-risk borrowers: Wide fan, low confidence. Few training
examples. This is where algorithmic bias lives.

• EU AI Act requires “appropriate levels of accuracy” – the
fan chart demonstrates calibration.

The fan chart reveals what a single credit score hides: uncertainty. An AI score of “15% default probability” without confidence intervals is a number

pretending to be knowledge.
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Does Market Sentiment Actually Predict Returns?
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NLP Sentiment vs 5-Day Returns by Sector

Simulated with sector-specific correlations | 52 weekly observations

Each quadrant is one sector. Dot density reveals the
sentiment-return pattern.

• Banking: Dense cluster in top-right (positive sentiment =
positive returns, r=0.4)

• Tech: Moderate density with scattered outliers (earnings
surprises break the pattern)

• Energy: Diffuse cloud, no clear bias (geopolitical events
dominate)

• Healthcare: Density peak in top-left during regulatory
windows (negative sentiment = buying opportunity)

• Sentiment is sector-dependent. A one-size-fits-all model
misses these dynamics.

Sentiment predicts returns – but only in some sectors, only at short horizons, and only until everyone else starts trading on the same signal. Alpha from

NLP is real but fleeting.
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Why Do the Most Accurate Models Resist Explanation?

Rashomon effect: Multiple models achieve similar accuracy but with different explanations:

R(ϵ) = {f ∈ F : L(f ) ≤ L(f ∗) + ϵ}

The Rashomon set R(ϵ) contains ALL models within ϵ of optimal.
SHAP values: For feature j , the Shapley value is:

ϕj =
∑

S⊆N\{j}

|S|! (|N| − |S| − 1)!

|N|!
[f (S ∪ {j}) − f (S)]

Accuracy-explainability frontier:
AUC = g(complexity)

Linear models: AUC ∼0.72, fully explainable. Gradient boosting: AUC ∼0.81, partially explainable. Deep learning: AUC ∼0.83, opaque.
EU AI Act requirement: For “high-risk” AI (credit decisions): “meaningful information about the logic involved.” SHAP satisfies this for
gradient boosting. Deep learning SHAP is computationally expensive and may not be faithful.

The 2% AUC gain from going opaque (deep learning) over explainable (gradient boosting) costs you regulatory compliance, customer trust, and

auditability. In most financial applications, 0.81 AUC with explanations beats 0.83 without.
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Why Do Six Raters Give the Same Company Six Different ESG Scores?

ESG rating construction: Each rater j assigns score Sij to company i :

Sij =

Kj∑
k=1

wjk · sijk

where Kj = number of indicators (MSCI uses 35, Sustainalytics uses 70+), wjk = weight (proprietary).
Divergence measurement (cross-rater correlation):

ρj1,j2
= corr(Si,j1

, Si,j2
) ≈ 0.54

Compare: credit rating correlation ρMoody’s, S&P ≈ 0.95.
Three sources of disagreement (Berg, Kölbel, Rigobon 2022):

1 Scope: Different categories measured (30% of divergence)
2 Weight: Different importance assigned (20%)
3 Measurement: Different assessment of same indicator (50%)

Implication: ESG-tilted portfolio is heavily dependent on WHICH rater you use. Switching raters can flip the ranking.

Credit ratings agree 95% of the time. ESG ratings agree 54%. The gap is not noise – it reflects fundamental disagreement about what “sustainable”

means.
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Can You Build an ESG-Constrained Portfolio Optimizer?

1 import numpy as np; np.random.seed(42)

2
3 def esg_optimize(mu, cov, esg, min_esg=60, lam=2.0, N=10000):

4 """Mean-variance with ESG floor (Monte Carlo)."""

5 best_u, best_w = -np.inf, None

6 for _ in range(N):

7 w = np.random.dirichlet(np.ones(len(mu)))

8 if w @ esg < min_esg: continue

9 u = w @ mu - lam * (w @ cov @ w)

10 if u > best_u: best_u, best_w = u, w

11 return best_w

12
13 mu = np.array([0.08, 0.12, 0.06, 0.10, 0.07])

14 esg = np.array([85, 30, 90, 55, 75])

15 cov = np.diag([0.04, 0.09, 0.02, 0.06, 0.03])

16 w = esg_optimize(mu, cov, esg, min_esg=60)

17 print(f"W={np.round(w,3)} ESG={w@esg:.0f} R={w@mu:.2%}")

18 # Stock 2 (12% return, ESG=30) excluded -- the ’greenium’ cost

The ESG constraint costs return: stock 2 (12% return, ESG=30) is excluded. This is the “greenium” – the price of sustainability. The question is whether

that price is justified by risk reduction.
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How Much Do ESG Raters Disagree – Company by Company?
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ESG Rating Divergence: Same Company, Six Different Scores
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Sustainalytics
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Illustrative | Based on typical inter-rater disagreement patterns

Each dot = one rater’s score. Spread = disagreement.

• Tesla: Most controversial. MSCI gives high E score (EVs).
ISS gives low S score (labor). Range: 30–80.

• Shell: Good governance scores. Environmental scores
diverge wildly depending on measurement scope.

• Companies with narrow spreads (Apple, HSBC): better
disclosure, more standardized metrics.

• The investor problem: if you use MSCI, Tesla is “ESG
positive.” ISS says “ESG negative.” Same company,
opposite conclusions.

• EU CSRD mandates standardized disclosure to reduce this
divergence.

The jitter plot makes disagreement visible. Tesla can be simultaneously an ESG leader and an ESG laggard depending on which rater you ask. This is not

a data problem – it is a definition problem.
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What Does Climate Risk Look Like in a Portfolio’s Loss Distribution?

0 5 10 15 20 25 30
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Climate Value-at-Risk: Portfolio Loss Distributions Under Three Scenarios

Simulated | 500 Monte Carlo draws per scenario

Raincloud plot: Half-violin (distribution shape) + jitter (raw data)
+ box (summary stats).

• Orderly transition (1.5C): Narrow distribution, median loss
3–5%. Gradual policy changes.

• Disorderly transition (2C): Fat right tail, median 7–10%.
Sudden policy shocks.

• Hot house (3C+): Bimodal distribution. Median 12–15%
with secondary peak at 25%+ from physical damage.

• Traditional VaR misses climate risk because events cluster
(flood + supply chain + insurance simultaneously).

Climate VaR: CVaRα = E [L|L > VaRα] + ∆phys + ∆trans

The raincloud plot reveals what summary statistics hide: climate risk is not normally distributed. The hot-house scenario has a fat right tail – extreme

losses are far more likely than a Gaussian model assumes.
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Do Green Bonds Really Cost Less to Issue – and Can You Prove It?

Greenium: The yield difference between a green bond and a comparable conventional bond:

Greenium = yconventional − ygreen

Empirical measurement (matched-pair approach):

∆yi = yC
i − yG

i = α + β · Xi + ϵi

where Xi = controls (maturity, rating, sector, currency), α = greenium.
Meta-analysis findings: α ≈ −2 to −7 bps (green bonds trade at a small premium).
Cost-benefit for issuer:

NPV of greenium =
T∑
t=1

∆y · F
(1 + r)t

− Ccertification − Creporting

where Ccertification ≈ EUR 10,000–50,000, Creporting = ongoing.
Breakeven issuance size: For greenium of 5 bps and certification cost of EUR 30,000:

Fmin ≈
Ccert

∆y · T
≈ EUR 60M

The greenium is real but small: 2–7 basis points. For large issuers (EUR 500M+), the savings exceed certification costs. For small issuers, the greenium

does not cover the compliance overhead.
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Why Does a Platform with 10x Users Have 100x Value?

Metcalfe’s Law (upper bound):

V = α · n2

where n = users, α = value per connection.
Reed’s Law (community forming): V = α · 2n (unrealistically high; actual platforms between Metcalfe and linear).
Bass Diffusion Model for platform adoption:

dN

dt
= (p + q ·

N

M
) · (M − N)

where p = innovation coefficient, q = imitation coefficient, M = market potential, N = current adopters.
S-curve dynamics: Critical mass at N∗ ≈ M · p/(p + q).
Multi-sided platform value:

Vplatform = f (nusers, nmerchants) = α · nβU · nγM
where cross-side effects (β, γ > 0) create the flywheel.

Network effects create winner-take-most markets. Once a platform passes critical mass, growth becomes self-reinforcing. This explains why WeChat has

1.3 billion users and every competitor has near zero.
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Can You Predict When a FinTech Platform Reaches Critical Mass?

1 import numpy as np

2 def bass(M, p, q, T=36):

3 """Bass diffusion: monthly adoption over T months."""

4 N = np.zeros(T)

5 for t in range(1, T):

6 N[t] = N[t-1] + (p + q*N[t-1]/M) * (M - N[t-1])

7 return N

8
9 M = 10_000_000 # 10M potential users

10 cases = {’Strong (q=0.4)’: 0.40,

11 ’Moderate (q=0.2)’: 0.20,

12 ’Weak (q=0.05)’: 0.05}

13 for name, q in cases.items():

14 N = bass(M, p=0.01, q=q)

15 peak = np.argmax(np.diff(N)) # inflection = critical mass

16 print(f"{name}: critical month {peak:>2}"

17 f" | 36-mo adoption: {N[-1]/M:.0%}")

18 # Strong: month 8, 95%. Weak: no inflection, 15%. No middle ground.

The Bass model shows why platform battles are binary: strong network effects (q=0.4) reach 95% adoption in 24 months. Weak effects (q=0.05) stall at

15%. There is no middle ground – platforms either win or die.
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How Do FinTech Platform Ecosystems Overlap?
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Adjacency matrix: Each cell shows feature overlap between two
platforms. Dark diagonal blocks = tight clusters.

• Super-app block (WeChat, Grab, Alipay): 8–10 shared
features. Converge to offer everything.

• Neobank block (Revolut, N26, Chime): 5–7 shared features.
Banking core, expanding into investing.

• Infrastructure block (Stripe, Plaid, Marqeta): Low
consumer overlap but high B2B overlap.

• Embedded finance (Shopify Capital, Uber, Amazon
Lending): Different hosts, moderate neobank overlap.

• Off-diagonal bright cells = convergence. The matrix is
compressing toward a single bright block.

The adjacency matrix reveals two dynamics: tight clustering within categories (super-apps overlap heavily) and growing cross-category convergence

(neobanks and super-apps are merging). The question is whether regulation will keep the clusters separate.
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When Exactly Will Quantum Computers Break Financial Encryption?

RSA security: Factoring N = p · q requires O(en
1/3

) operations classically.

Shor’s algorithm: O(n3) operations on a quantum computer – exponential speedup.
Threshold: RSA-2048 requires ∼4,000 logical qubits (≈4 million physical qubits at current error rates).
Timeline model (probabilistic):

P(Q-Day by year t) = 1 − e−λ(t−t0)

where λ = qubit scaling rate. Median estimates: 2035–2040.
“Harvest now, decrypt later” threat:

Risk = P(Q-Day < tdata expiry)

Financial data with 30-year confidentiality needs migration NOW if Q-Day is 2035.
Post-quantum candidates (NIST PQC standard, 2024): CRYSTALS-Kyber (key encapsulation, lattice-based), CRYSTALS-Dilithium
(signatures, lattice-based), SPHINCS+ (hash-based fallback).

The quantum threat is not about today – it is about today’s data being decrypted in 2035. Financial institutions with 30-year data confidentiality

requirements should have started migration yesterday.
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What Is the Quantum Migration Roadmap for Financial Institutions?

2024 2026 2028 2030 2032 2034 2036 2038 2040
Year

Production risk simulation

QMC derivative pricing

Gate-based portfolio opt

Quantum annealing pilots

Full PQC migration

Hybrid classical+PQC

Test PQC algorithms

Inventory crypto assets

2035 2040

2030 2038

2028 2035

2024 2028

2030 2035

2027 2032

2025 2028

Q-Day
uncertainty

window

NIST PQC
standards

Hybrid
mandates

Q-Day
horizon

Simulation

Optimization

Cryptography

Quantum Finance Migration Roadmap: Crypto vs Optimization vs Simulation

Cryptography (PQC)
Optimization
Simulation

Q-Day uncertainty
Key milestone

Illustrative timeline based on NIST PQC, IBM, Google quantum roadmaps

Gantt chart: Each bar is one workstream. The red band is the
Q-Day uncertainty window.

• Cryptography (urgent): Inventory starts now. NIST PQC
standards published. Hybrid by 2027. Full migration by
2030.

• Optimization (medium-term): Quantum annealing tested
(D-Wave). Gate-based advantage: 2030–2035.

• Simulation (longer-term): Quantum Monte Carlo for
derivatives. Requires fault-tolerant QC (2035+).

• The critical insight: crypto migration must happen BEFORE
Q-Day. Optimization can wait. Conflating the two timelines
is the most common mistake.

Crypto migration is urgent (before Q-Day). Optimization is opportunistic (when advantage materializes). Conflating the two timelines is the most common

quantum strategy mistake.
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Can You Demonstrate Why Lattice-Based Cryptography Resists Quantum Attack?

1 import numpy as np; np.random.seed(42)

2 n, q = 8, 97 # LWE parameters (educational scale)

3 # Key generation: secret s, public (A, b=A*s+error)

4 s = np.random.randint(0, q, n)

5 A = np.random.randint(0, q, (n, n))

6 e = np.round(np.random.normal(0, 2.0, n)).astype(int) % q

7 b = (A @ s + e) % q # public key

8 def encrypt(m): # encrypt bit m in {0,1}

9 r = np.random.randint(0, 2, n)

10 return (r @ A) % q, (r @ b + (q//2)*m) % q

11 def decrypt(u, v):

12 noisy = (v - u @ s) % q

13 return 1 if abs(noisy - q//2) < q//4 else 0

14
15 for bit in [0, 1, 0, 1]:

16 u, v = encrypt(bit)

17 print(f"Sent:{bit} Got:{decrypt(u,v)} OK:{bit==decrypt(u,v)}")

18 # Noise hides secret from classical AND quantum adversaries

Lattice-based cryptography hides secrets behind intentional noise. Classical AND quantum computers struggle to separate signal from noise in

high-dimensional lattices. This is why NIST chose lattice-based schemes for post-quantum standards.
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What Have We Learned – and What Remains Unsolved?

Five sections, one unifying theme: every emerging technology solves one problem while creating another.

• DeFi Mechanisms: AMM math is elegant (x · y = k) but creates impermanent loss, slippage, and unsustainable yield. Sustainable
DeFi yield converges to traditional fixed-income levels.

• CBDC Architecture: Two-tier models preserve banking but limit inclusion. Direct models maximize inclusion but risk
disintermediation. The EUR 3,000 cap is a political compromise, not an optimal solution.

• AI/ML in Finance: NLP sentiment signals are real but decay in 2–5 days. Credit models trade accuracy for explainability. The EU
AI Act pushes toward gradient boosting over deep learning.

• Sustainable Finance: ESG ratings disagree 46% of the time. Climate VaR requires scenario analysis, not historical data. The
greenium (2–7 bps) is real but small.

• Platform Economics: Network effects create winner-take-most outcomes. Quantum threatens cryptography (urgent) but offers
optimization (patient). Do not confuse the timelines.

What remains unsolved: DeFi regulation, CBDC interoperability, AI liability, ESG convergence, quantum-safe infrastructure.

Five topics, one lesson: the technology is never the hard part. The hard part is the economics, the governance, and the unintended consequences.

(c) Joerg Osterrieder 2026



Key Takeaways

1 DeFi math works – AMM pricing, impermanent loss, and yield decomposition are formally derivable. But
sustainable yield (2–5%) is far below advertised rates (20%+). The difference is token inflation.

2 CBDC design is a governance problem, not a technology problem. The same infrastructure delivers inclusion or
surveillance. Holding caps, privacy thresholds, and programmability rules are political choices.

3 AI credit models trade accuracy for explainability on a measurable frontier. The EU AI Act pushes toward
explainable models (gradient boosting) over opaque ones (deep learning) – a 2% AUC sacrifice for compliance.

4 ESG ratings disagree more than they agree (r = 0.54). Until measurement converges, ESG-tilted portfolios
depend more on which rater you choose than on which stocks you pick.

5 Platform network effects follow Bass diffusion: strong effects (q > 0.3) create winner-take-most in 24 months.
Weak effects (q < 0.1) stall. There is no gradual middle outcome.

6 Quantum crypto migration is urgent (before Q-Day ∼2035). Quantum optimization is patient (after
fault-tolerance ∼2035). Do not let the exciting application delay the critical one.

Six takeaways, one framework: in every emerging topic, the visible innovation distracts from the invisible risk. See through the marketing to the

mathematics.

(c) Joerg Osterrieder 2026



DeFi CBDC AI ESG Platforms

Freedom causes fragility
Inclusion causes

surveillance
Accuracy causes opacity

Measurement

causes gaming

Convenience

causes lock-in

But x · y = k

is beautiful math
But the cap is a safety valve But SHAP makes it transparent But standardization is coming But interop is the antidote

Econ Lens

The warnings are real.
But so are the solutions.

Every problem has a framework. Every framework has a trade-off. The trade-offs are the interesting part.

(c) Joerg Osterrieder 2026
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