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Interactive Proof systems (IPs)
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(1) Completeness
There exists an “honest prover” 𝑃
such that for any correct claim 𝜑, 

Pr 𝑃 convinces 𝑉 to accept 𝜑 = 100%

(2) Soundness (with 𝛿 error)
For any incorrect claim 𝜑
and for any “lying prover” 𝑃,

Pr 𝑃 convinces 𝑉 to accept 𝜑 ≤ 𝛿

(3) Efficiency
Polytime Verifier, minimal #rounds, short messages…
    →“More efficient than the Prover”



IP

The power of interaction
• We saw that Interactive Verification is much more 

powerful: IP = PSPACE [LFKN, Shamir 90]

→ For any polynomial-space decidable claim, 
there exists an efficient (Probabilistic Polynomial 
Time) Interactive Verifier.

• “Any problem you could dream of solving,
can be efficiently Verified
with the help of an untrusted Prover.”

• IPs allow an efficient verifier to establish trust 
with a more powerful, untrusted computational 
entity…

• Who might this powerful entity be?



What is a model?
• Fix a ground-truth functionality 𝑓∗: 𝑋 → 𝑌. For simplicity, let’s take deterministic functions.

• 𝑓∗ might be worst-case hard to compute.

• We might not even know 𝑓∗ is! Only know some samples 𝑥1, 𝑓∗ 𝑥1 , … , 𝑥𝑚, 𝑓∗ 𝑥𝑚

• In practice, we only need to compute 𝑓∗ on “natural” inputs.

• “Nature” is an unknown distribution 𝝁 over 𝑿 we can sample from.

• Fix a set of parameters 𝚯. A model family is a collection of (randomized) functions 𝒇𝜽: 𝑿 → 𝒀 𝜽∈𝚯

• Model training: Given input 𝑆 = 𝑥1, 𝑓∗ 𝑥1 , … , 𝑥𝑚, 𝑓∗ 𝑥𝑚   for 𝑥1, … , 𝑥𝑚 ∼ 𝜇, output ෡𝜽 ∈ 𝚯

• A model ෡𝜽 is 1 − 𝜀 -correct (w.r.t 𝝁, 𝒇∗) if 
𝑃𝑟

𝑥∼𝜇
ො𝑦∼𝑓෡𝜃 𝑥

ො𝑦 = 𝑓∗ 𝑥 ≥ 1 − 𝜀



In what sense do we “trust” a model?
• Average-case: Test if model 𝒇𝜽 has 99% accuracy w.r.t 𝝁, 𝒇∗ (last week’s lectures)

• Worst-case: You have an input 𝒙, for which the model generates 𝒚 ∼ 𝒇𝜽 𝒙

    Should you trust that 𝒚 is correct?

LLM

Input 𝒙

Output 𝒚
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Containment
Towards Guaranteed Safe AI. May 2024. Dalrymple, Skalse, Bengio, Russell, Tegmark, Seshia, Omohundro, Szegedy, Goldhaber, Ammann, Abate, Halpern, Barrett, Zhao, Zhi-Xuan, Wing, Tenenbaum.
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IPs for model outputs
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Fix a model 𝑓𝜃: 𝑋 → 𝑌 (deterministic, for simplicity)
The “claim” is that 𝑓𝜃 𝑥 = 𝑓∗ 𝑥 .

(1) Completeness
There exists an “honest prover” 𝑃
such that for any input 𝑥, 

Pr 𝑃 convinces 𝑉 to accept 𝑥, 𝑓∗ 𝑥 = 100%

(2) Soundness
For any input 𝑥 and incorrect output 𝑓𝜃 𝑥 ≠ 𝑓∗ 𝑥 ,
for any “lying prover” 𝑃

Pr 𝑃 convinces 𝑉 to accept 𝑥, 𝑓𝜃 𝑥 ≤ 𝛿

(3) Efficiency
Polytime verifier, minimal #rounds, short messages…

Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. May 2024 (NeurIPS 2025)



IPs for model outputs

Even if we learned a model 𝒇𝜽,
where do we get this Prover?

Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. May 2024 (NeurIPS 2025)
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Fix a model 𝑓𝜃: 𝑋 → 𝑌 (deterministic, for simplicity)
The “claim” is that 𝑓𝜃 𝑥 = 𝑓∗ 𝑥 .

(1) Completeness
There exists an “honest prover” 𝑃
such that for any input 𝑥, 

Pr 𝑃 convinces 𝑉 to accept 𝑥, 𝑓∗ 𝑥 = 100%

(2) Soundness
For any input 𝑥 and incorrect output 𝑓𝜃 𝑥 ≠ 𝑓∗ 𝑥 ,
for any “lying prover” 𝑃

Pr 𝑃 convinces 𝑉 to accept 𝑥, 𝑓𝜃 𝑥 ≤ 𝛿

Why not learn them jointly?
Let the model prove its own output!



Self-Proving models
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Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. May 2024 (NeurIPS 2025)

Exercise (Soundness+Self-Prov. → Correctness):
Fix a Verifier 𝑽 for 𝑓∗ with soundness error 𝛿.
If P is Self-Proving with err 𝜀 w.r.t 𝑽, 𝝁, then

Pr
𝒙∼𝝁

𝑷𝜽 𝒙 = 𝒇∗ 𝒙 ≥ 1 − 𝛿 − 𝜀

Goal: Learn 𝜽 such that 𝑷𝜽 is Self-Proving

Definition (Self-Proving Model with error 𝜺)

A model 𝑷𝜽 is Self-Proving w.r.t 𝑽, 𝝁

If

Over 𝒙 ∼ 𝝁, 𝒚 ∼ 𝑷𝜽 𝒙 , 𝒒𝟏, 𝒂𝟏, … , 𝒒𝑹, 𝒂𝑹

Pr 𝑷𝜽 convinces 𝑽 to accept 𝒚 ≥ 𝟏 − 𝜺
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Exercise (Soundness+Self-Prov. → Correctness):
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Pr 𝑷𝜽 convinces 𝑽 to accept 𝒚 ≥ 𝟏 − 𝜺



Learning Self-Proving models

• Sequence-to-sequence model family:  𝑃𝜃: Σ∗ → Σ∗
𝜃∈Θ where Θ = ℝ𝑑.

• Autoregressive generation: For any parameter setting 𝜃 and input string 𝑧 ∈ Σ∗,

• Next token (“forwards pass”): RV 𝑝𝜃 𝑧  over Σ, determined by the logits: log𝑝𝜃 𝑧 ∈ ℝ Σ

• Keep generating until a special token EOS ∈ Σ is sampled.

• Differentiability (“backwards pass”): Can compute ∇𝜃 log Pr
𝜏∼𝑝𝜃 𝑧

𝜏 = 𝜎  for each 𝜎 ∈ Σ.

• Access to the input distribution 𝑥 ∼ 𝜇

• Access to the Verifier 𝑉.

• Transcript Learning: assume also access to an “honest prover”

• (Slightly weaker access to an “honest transcript generator” suffices)

What do we need in order to learn a Self-Proving model?



Transcript Learning
Step 1: Transcribe ”honest” interactions

Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. In Submission.
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Step 1: Transcribe ”honest” interactions Step 2: Transcript Cloning

Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. In Submission.
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Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. In Submission.

Step 1: Transcribe ”honest” interactions
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Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. In Submission.
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Models That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. In Submission.

Step 1: Transcribe ”honest” interactions
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Forwards BackwardsModels That Prove Their Own Correctness. Noga Amit, Guy N. Rothblum, Orr Paradise, Shafi Goldwasser. In Submission.

Step 1: Transcribe ”honest” interactions



Transcript Learning

The TL Theorem: Under the assumptions,

Transcript Learning outputs a (𝟏 − 𝝐)-Self-Proving model when trained on

𝑵 ≥ 𝟒 𝑪 ⋅ 𝑩𝟏 ⋅ 𝑩𝟐 ⋅
𝟏

𝝐

𝟐
  samples  

Assumptions:
• Access to a dataset of honest transcripts.
• The total number of tokens sent by the prover in any interaction is < 𝑪.
• The surrogate objective 𝐴 𝜃 ≔ ℙ𝑥 𝜋𝜃 𝑥 = 𝜋 𝑥  | 𝑉′s rand  

       is concave and differentiable in 𝜃.
• The logits of 𝑷𝜽 are 𝑩𝟏-Lipschitz in 𝜽.
• For 𝜺 > 0 let 𝑩𝟐 such that:

• There exists 𝜽∗ with 𝜽∗ < 𝑩𝟐 such that 𝐴 𝜽∗ ≥ 1 − 𝜺/2.

“Necessary” for
reasoning about
NN convergence



RL from Verifier Feedback (RLVF)



RL from Verifier Feedback (RLVF)

Verification Algorithm

𝒂𝟏

𝒒𝟏

𝒂𝑹

𝒒𝑹

accept / reject

𝑽

Self-Proving Model

𝑷

𝒚

𝒙
𝝁

Problem specification

𝜽

Repeat the following:
1. Generate transcript batch with 𝑃𝜃.

Keep only transcripts accepted by 
the Verifier.

𝒙 𝒚 𝒒𝟏 𝒂𝟏 … 𝒒𝑹 𝒂𝑹



RL from Verifier Feedback (RLVF)

Verification Algorithm

𝒂𝟏

𝒒𝟏

𝒂𝑹

𝒒𝑹

accept / reject

𝑽

Self-Proving Model

𝑷

𝒚

𝒙
𝝁

Problem specification

𝜽

Repeat the following:
1. Generate transcript batch with 𝑃𝜃.

Keep only transcripts accepted by 
the Verifier.

𝒙 𝒚 𝒒𝟏 𝒂𝟏 … 𝒒𝑹 𝒂𝑹

𝒙 𝒚 𝒒𝟏 𝒂𝟏 … 𝒒𝑹 𝒂𝑹

𝒙 𝒚 𝒒𝟏 𝒂𝟏 … 𝒒𝑹 𝒂𝑹



RL from Verifier Feedback (RLVF)
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• Proving convergence guarantees for TL and RLVF



• “Learning to Prove” is a natural thing to do.

• It has been explored in many settings, mostly in practice.

• Let’s look at some of them:

• In the ML literature

• Experiments directly on TL and RLVF

• RLVF adoption (sort of)

Self-Proving models in practice



• Learning to Prove…
• … in Coq (Gransden et al., 2015)
• … in Metamath (Polu and Sutskever, 2020)
• … in Lean (Yang et al., 2023).
• … in synthetic geometry (Trinh et al., 2024)
• … in Lean  (DeepMind, 2024)

• Learning to Verify
• PV Games (Anil et al., 2021)
• Neural Interactive Proofs (Hammond & Adam-Day, 

2024)

• Safety and alignment
• Debate Systems for AI Safety (Irving et al., 2017)
• Doubly-efficient debates for scalable AI safety (Brown-

Cohen et al., 2024)

• Interpretability
• MA Classifiers (Wäldchen et al., 2024)
• PV Games for legibility (Hendrick et al., 2024)

• Verifier in-the-loop
• FunSearch (Romera-Paredes et al., 2024)

Verification 
Algorithm
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accept/reject

𝑽

Self-Proving Model

𝑷𝜽

𝒚, 𝝅
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Consider the class NP: (1) Non-interactive proofs,  (2) Decision problems.

Consider a strategy-finding game with two players: 𝑷𝜽 and 𝑽𝝍.

Does an equilibrium  → Completeness and Soundness? Does C&S → ?

Order →C&S C&S→

𝑷𝜽 first No No

𝑽𝝍 first Yes! Yes!

𝑷𝜽, 𝑽𝝍  simul. No Yes!
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Debate Systems for AI Safety (Irving et al., 2017)
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Problem: “Spurious features”

Solution:  Soundness!

MA Classifiers (Wäldchen et al., 2022)
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Verification Model

𝒙

accept/reject

Self-Proving Model

𝑷𝜽 𝑽𝝍𝑷∗
𝜽

Honest Sneaky

/
𝒚, 𝝅

Idea: Introduce a smaller LLM as a Verifier.
            FT Prover LLM to act as honest / sneaky* prover
• Does this increase the (human) legibility of the Prover 

LLM’s answers?

Joint training (simplified):

𝐿 𝜓 ∣ 𝜃 ≔ ℓ 𝜓 ∣ 𝑃𝜃 + ℓ 𝜓 ∣ 𝑃𝜃
∗

ℓ 𝜓 ∣ 𝑃 ≔ −𝔼𝑥 𝐻 𝑉𝜓, 𝑃 𝑥 , 𝕀𝑃 𝑥 =𝑦 𝑥

𝜓
argmin

Cross-entropy loss between 𝑉𝜓’s decision logits (over 0,1)
and the correctness of the prover.

IP∩ML [May 2024]
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• Verifying global accuracy
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𝒂𝑹

𝒒𝑹

accept/reject

Learner

𝑷

Hypothesis 𝒇𝜽

𝜽 𝑽



Transcript Learning:
Ancient Experiments [May ’24]

• Charton (2024) showed that small GPT can learn to compute the GCD.
Can it prove that its answer is correct?

• A proof system for GCD:

• Bézout’s identity: Let 𝒙𝟏 , 𝒙𝟐 ∈ ℕ. For any 𝒛𝟏, 𝒛𝟐 ∈ ℤ, 
 if 𝒛𝟏𝒙𝟏 + 𝒛𝟐𝒙𝟐 divides 𝒙𝟏 and 𝒙𝟐,
 then 𝒛𝟏𝒙𝟏 + 𝒛𝟐𝒙𝟐 = 𝐆𝐂𝐃 𝒙𝟏, 𝒙𝟐

•  𝑽𝑮𝑪𝑫 accepts iff 𝒛𝟏𝒙𝟏 + 𝒛𝟐𝒙𝟐 divides 𝒙𝟏 and 𝒙𝟐, and 𝒚 = 𝒛𝟏𝒙𝟏 + 𝒛𝟐𝒙𝟐.

What is the GCD(92, 78)?

Answer: 2
Proof: 𝒛𝟏 = -11, 𝒛𝟐 = 13𝑷𝜽 𝑽

2 divides 92, 2 divides 78, 
-11*92+13*78 = 2… Accept!
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Learning method Correctness Self-Provability

GPT (baseline) 99.8% -

GPT + TL 98.8% 60.3%



Transcript Learning experiments

Learning method Correctness Self-Provability

GPT (baseline) 99.8% -

GPT + TL 98.8% 60.3%

GPT + Annotated TL 98.6% 96.7%

Γύρισα!
(I’m back!)

• In practice, annotations speed up learning

• Intermediate steps in Euclid’s algorithm



Annotations

Input GCD Bézout coefsAnnotation

Annotation



Annotations

sign tokens

digits

delimiters

Decimal
encoding

Input GCD Bézout coefsAnnotation

Annotation



Annotated Transcript Learning

Self-P
ro

vab
ility

 

Longer annotations help Models generalize beyond annotations

Depth(𝑥0, 𝑥1) = #steps in Euclidean alg.

    = length of “ideal” annot.

Input Annotation



“Early during training, transformers learn to predict products of 
divisors of the base 𝑩 used to represent integers.” (Charton, 2024)

• Let 𝜔 𝐵  denote the number of primes in the factorization of base 𝐵.

• Then 𝜔 𝐵  determines Self-Provability (similarly to Charton’s observation).

Self-Provability

Base of Representation matters
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RLVR (Lambert et al.) implements RLVF for Tülu3

+ KL regularization, RM initialization, data shuffling, 
No-EOS penalty, advantage normalization

+ ZeRO 3 (Rajbhandari et al. 2020), asynchronous RL 
(Noukhovitch et al. 2024), ablations…

→ Beats DPO on GSM8K, MATH, IFEval at 8B params

RLVF: from Theory to Practice
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So far, Verifiers
have rarely been
provably sound

RLVF was shown effective for
post-training capabilities. What about 

worst-case guarantees?



Lesson plan
• Reminder: Proofs and Models

• Defining Self-Proving models

• Learning algorithms for Self-Proving models:

• Transcript Learning (TL)

• Reinforcement Learning from Verifier Feedback (RLVF)

• Self-Proving models in practice

• Proving convergence guarantees for TL and RLVF



TL convergence



Towards RLVF convergence

But proving RL convergence guarantees is challenging…



• (Multiprover) proof system for AI Scientist [joint w/ Yoshua Bengio, Shafi 
Goldwasser, Oliver Richardson, Avishay Tal]

• Catching up RLVF theory 
• Sample complexity bounds [joint w/ Nicolas Flammarion]
• RLVF with average-case soundness leads to…

• A useful and meaningful notion! (Optimistic)
• Verifier hacking (Pessimistic)
• A position paper… (Pragmatic)

• Practical Self-Proving Models for sound Verifiers
• Lean-based DSLs [joint w/ Thomas Bourgeat]

• Universal (“Foundation”) Self-Proving models
• So far: ∀𝑽 ∃𝑷𝜽. I.e., need to learn a different prover for each verifier.
• Can we have ∃𝑷𝜽 ∀𝑽 (in a restricted class)?

I.e., can we learn a prover 𝑃𝜃  such that for all 𝑉 ∈ 𝒱,
 𝑃𝜃 𝑥, 𝑉  outputs 𝑦, and proves correctness to 𝑉?

• “Fundamental Theorem of Self-Provable learning”
• Is there a (combinatorial) dimension of the problem/proof system 

that captures the sample complexity of learning Self-Proving 
models?

What next?
Seeking strong students with
- Background in Theoretical CS
- Interest in Self-Proving models

Visit EPFL and work with us in 2026/7.
Funding available*

Apply: orrp.net/visitEPFL

Contact: orr.paradise@epfl.ch


	Intro
	Slide 1: Self-Proving Models
	Slide 2

	Reminder
	Slide 3
	Slide 5: Interactive Proof systems (IPs)
	Slide 6: Interactive Proof systems (IPs)
	Slide 7
	Slide 8: What is a model?
	Slide 9: In what sense do we “trust” a model?
	Slide 10: In what sense do we “trust” a model?
	Slide 11: In what sense do we “trust” a model?

	Defining
	Slide 12
	Slide 13: IPs for model outputs
	Slide 14: IPs for model outputs
	Slide 15: Self-Proving models

	Learning (Thursday)
	Slide 16
	Slide 17: Reminder: Self-Proving models
	Slide 18
	Slide 19: Transcript Learning
	Slide 20: Transcript Learning
	Slide 21: Transcript Learning
	Slide 22: Transcript Learning
	Slide 23: Transcript Learning
	Slide 24: Transcript Learning
	Slide 25: Transcript Learning
	Slide 26: Transcript Learning
	Slide 27: Transcript Learning
	Slide 28: Transcript Learning
	Slide 29: Transcript Learning
	Slide 30: RL from Verifier Feedback (RLVF)
	Slide 31: RL from Verifier Feedback (RLVF)
	Slide 32: RL from Verifier Feedback (RLVF)
	Slide 33: RL from Verifier Feedback (RLVF)

	Prior work
	Slide 34
	Slide 35
	Slide 36: IPintersectionML [May 2024]
	Slide 37: IPintersectionML [May 2024]
	Slide 38: IPintersectionML [May 2024]
	Slide 39: IPintersectionML [May 2024]
	Slide 40: IPintersectionML [May 2024]
	Slide 41: IPintersectionML [May 2024]
	Slide 42
	Slide 43: IPintersectionML [May 2024]
	Slide 44
	Slide 45: IPintersectionML [May 2024]
	Slide 46
	Slide 47: IPintersectionML [May 2024]
	Slide 48: IPintersectionML [May 2024]
	Slide 49: IPintersectionML [May 2024]
	Slide 50: IPintersectionML [May 2024]
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55: IPintersectionML [May 2024]

	Experiments
	Slide 56: Transcript Learning: Ancient Experiments [May ’24]
	Slide 57: Transcript Learning experiments
	Slide 58: Transcript Learning experiments
	Slide 59: Annotations
	Slide 60: Annotations
	Slide 61: Annotated Transcript Learning
	Slide 62

	RLVF implementations
	Slide 63: RLVF: from Theory to Practice
	Slide 64: RLVF: from Theory to Practice
	Slide 65: RLVF: from Theory to Practice
	Slide 66: RLVF: from Theory to Practice
	Slide 67: RLVF: from Theory to Practice
	Slide 68
	Slide 69
	Slide 70

	Theory
	Slide 72
	Slide 73
	Slide 74

	Future work
	Slide 75


