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Motivation

Problem:
LLMs suffer from 

sycophancy, strategic 
deception, unfaithful 

reasoning

Current Approaches:
judges can be persuaded 

by rhetoric, adversarial 
examples.

Question:
Can Market-Making 

improve truthfulness and 
calibration without huge 
human-labeling costs?



Core Idea

Market-Maker 
updates probabilities 

each round

Adversary provides 
arguments

Aggregate arguments 
into calibrated 

probabilities that track 
human truth.

In Market-Making, 
an Adversary surfaces arguments 
(truthful or deceptive) designed to shift 
belief.

The Market-Maker updates a 
probability forecast each round, aiming 
to predict what a well-informed human 
would ultimately conclude.

Over time, forecasts converge toward 
a reflective equilibrium, yielding 
calibrated probabilities that better track 
human truth than single-shot answers 
or debate alone.



Simulation 1: Debate

Toy Demo: Is caffeine addictive?

• Round 0: Prior = 50%

• Round 1: “Dependence symptoms” → 70%

• Round 2: “Not as bad as nicotine” → 60%

• Round 3: Probe: DSM-5 recognition → 85%

• Final: Human reflective answer = Yes



Scaling Simulation 1

From Toy Demo → Full Experiment

Thousands of claims (TruthfulQA, adversarial deception tasks).

LLMs generate arguments and counterarguments.

Market-Maker trained with log-scoring (Brier).

Oversight stack: ELK probes, process supervision, 
cross-examination.



Simulation 2: 
Training Competitiveness
• Tiny Probe Results (10 factual claims)

• [#] The factual yes/no question we asked the model.
• Baseline P(Yes):  model’s probability that correct answer is 

“Yes.”
• MM P(Yes): Market-Maker model’s probability after seeing 

both a pro and a con argument.
• Label (Yes=1): ground truth label 1 if correct answer is Yes, 

0 if correct answer is No.

• Baseline (token-logits): nearly perfect 

• The market-maker version made the answers worse, sometimes 
badly wrong.

• This shows that just prompting a Market-Maker doesn’t help. It 
needs training to be competitive.

Complete 
Failure



Interpretation

• Why was the market maker swayed so easily?
• Sometimes it treated the existence of a counterargument as 

strong evidence, even if that argument was weak or false.
• The Market-Maker wasn’t trained; it was only prompted. It 

doesn’t have an incentive to stick close to truth.
• Instead of saying “I know the truth with 99% certainty,” it 

hedged downward (e.g., caffeine addictive → 0.97 → 0.60).

• The Market-Maker wasn’t trained, so it sometimes acted like a 
cautious judge who overcorrects when hearing opposing 
arguments, even if those arguments were misleading.

• That’s why this small probe produced worse results than baseline: 
it shows exactly why training competitiveness is the real research 
question.



Future Work & Contributions
1. Build a reference implementation of MM training
Reusable codebase for market-maker + adversary loop with scoring-rule losses.

2. Empirical comparison: MM vs Debate vs RLHF
Head-to-head tests on truthfulness, calibration, deception robustness.

Mechanistic interpretability: looking inside the MM:
• External: Arguments → Probability shifts (what we already see).
• Internal: Arguments → Hidden state shifts (what probes/logit lens reveal).

3. Develop an oversight stack
ELK probes, process supervision, cross-exams to check whether the model is reasoning truthfully even 
when it tries to deceive.

4. Release public benchmarks & leaderboard
Deception and sycophancy stress tests for transparent comparisons.



Ethical 
Notes

Epistemic risk: Our collective knowledge may 
reflect model training dynamics, not genuine 
truth.

Path dependence: Once systems are trained 
at scale (millions of human preferences, 
billions of outputs), it’s hard to correct 
misaligned truths.
Urgency of interpretability: If we can’t peek 
inside and see how truths are represented, we 
won’t know what’s being locked in.



Thank you!


