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ABSTRACT

Background: A key challenge in information economics and AI

alignment is that of efficiently valuing or scoring information

supplied by a seller or language model that is potentially more-

informed than the buyer or evaluator. This is known as the problem

of “information asymmetry” in economics or “scalable oversight”

in AI alignment.

Objectives and Research Questions:We ask how to formalize

value-of-information under recursive inspection, whether deeper

inspection can be made decision-theoretically principled, and how

such mechanisms can support scalable oversight beyond standard

RLHF.

Methods: We introduce a Bayesian framework for recursive infor-

mation valuation, compare a naive successive protocol to a recur-

sive protocol modeled as an imperfect-recall game, prove ex-ante

optimality against admissible protocols, and analyze a marginal-

value reward mechanism for scalable oversight within our Bayesian

framework.

Results: We show ex-post inspection alone can still disincentivize

corrective context, provide a counterexample to naive recursion,

prove the Recursive Inspection Protocol is ex-ante superior to any

admissible purchase protocol, characterize equilibrium behavior

for the marginal-value mechanism, and present a working server

implementation (infonomy-server).
Conclusions: Recursive inspection offers a principled way to price

information under persistent asymmetry and a practical path for

market-based oversight; however, our current scalable-oversight

mechanism remains imperfect, motivating tighter future guarantees

on equilibrium shortfall.
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tion asymmetry, language models
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1 INTRODUCTION

A key challenge in both economics and machine learning is the

development of mechanisms for efficiently pricing information

[36]. In settings where ground truth is available (e.g. supervised

learning, or prediction markets for well-defined events), informa-

tion may be priced with proper scoring rules [20]; when ground

truth is not available, one must rely on human buyers (an informa-

tion market) or evaluators (e.g. reinforcement learning via human

feedback/RLHF) to price it.

The core obstacle in valuing information based on subjective

preferences is information asymmetry: the seller (or information-

giver) by definition possesses information the buyer (or evaluator)

doesn’t, which leads to a “Market of Lemons” as famously described

in [1], so the prices given by the buyer only reflect her superficial

preferences (based on the information she has) rather than what her

true preferences would be with full information. An analogous prob-

lem arises in AI alignment: techniques such as RLHF fundamentally

rely on a human’s ability to evaluate the outputs of increasingly

capable and eventually superhuman AI models [7, 9, 37]—this is

known as the problem of scalable oversight.

Recently, [42] proposed the Information Bazaar : an information

market mechanism that mitigates information asymmetry by us-

ing Large Language Model (LLM) agents to make purchase

decisions. Specifically, the mechanism addresses the buyer’s in-

spection paradox [2, 40]: the problem that, unlike with buying other

goods, someone buying information definitionally does not know

what the information she is about to buy is
1
. Their mechanism lets

the buyer use an LLM agent to “inspect” the information and make

the purchase decision with full knowledge of the information.

In this work, we introduce a formal Bayesian framework for

analyzing mechanisms to score information under informa-

tion asymmetry, and use this to study both market mechanisms

(like in [42]) and scoring rules that can be used to train AI models

(such as Language Models) to supply more valuable information.

Our findings and contributions are as follows:

(1) Recursive inspection protocol. We observe that the In-

formation Bazaar mechanism in [42] does not eliminate in-

formation asymmetry, because the LLM buyer inspecting

information can still lack other pieces of information that

are known to the buyer and correlated with the one it is

purchasing. We build on their work, and discover that the

straightforward method of “simply applying [42] to itself” is

too simplistic—and instead introduce a more robust protocol

we call the Recursive Inspection Protocol, formulated as an

imperfect-recall game.

1
The seller could of course reveal part of the information, e.g. “metadata” to advertise

the information—which creates a trade-off between information asymmetry and having

positive externalities
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(2) Scalable oversight mechanism.We express the scalable

oversight problem in our Bayesian framework, and construct

an example scalable oversight mechanism that generalizes

the “AI safety via market-making” proposal [24] to problems

beyond binary forecasting.

(3) Practical implementation.We provide an implementation

of an information market server implementing the Recur-

sive Inspection Protocol, detailed in Section 5, which can

directly be applied to various practical applications for infor-

mation markets such as question-and-answer sites, product

inspections and online fact-checking.

1.1 Related work

Information economics. The foundational theory of information

economics is the value-of information framework [23, 28, 33], which

treats information as an instrumental good [41]. The buyer’s in-

spection paradox was introduced by [2] and named by [41]. [21, 22]

discussed the inefficiency of information markets in the context of

intellectual property (IP) law, commenting: “just as farmers devel-

oped barbed-wire, someday I expect IP advocates will develop better

forms of intellectual property”.

Mechanism design for information markets. Simple, naive infor-

mation markets suffer from a number of flaws: the low cost of dupli-

cation [34], the transaction costs of tenders [39], the transaction cost

of learning new information, and information asymmetry [2, 41].

[12] introduced a mechanism for rewarding information-providing

agents based on their influence on prediction market prices, though

this is only applicable in contexts where ground-truth (prediction

market resolutions) is available.

Scalable oversight. The fundamental limitation of RLHF that it

relies on a human’s ability to judge a (potentially superhuman)

AI’s outputs has long been recognized [11], and is known as the

scalable oversight problem in the AI alignment literature [6, 25].

One well-known scalable oversight proposal is Debate [27]; our

proposal to augment RLHF with information markets may be seen

as yet another such proposal.

Mechanism design with LLMs. Market design for LLM partic-

ipants has opened up many new frontiers previously not possi-

ble with humans alone. Apart from the information bazaar [42],

this includes e.g. token auctions for online advertising [13], eco-

nomic simulations with AI agents [29], and forecasting with LLMs

[8, 18, 32, 35].

Zero-knowledge proofs. Another way for a seller to prove the

value of his information without revealing it is via a zero-knowledge

proof [17] – in formal settings, this is available if the information is

a solution to a PSPACE problem [4, 26]; extending this to informal

settings is an active area of work [19].

Miscellaneous. Recent works like [3, 5, 31] have studied “optimal

mechanisms for selling information”, but from the point-of-view

of a seller maximizing his revenue – we, on the other hand, are

interested in improving the efficiency of the information market

itself. Information market mechanisms have also been designed for

data markets in machine learning, e.g. [10, 14, 16].

2 BAYESIAN SETTING

We are concerned with modeling an agent 𝛼 ’s “value for informa-

tion” in an expected utility maximization framework. We assume a

probability space (Ω, F , P) (with P a common prior for all agents

ever discussed) and that the only source of utility is some decision

problem specified by a set of choices X for 𝛼 and payoffs given

by a measurable utility function 𝑈 : Ω × X → R. An “informa-

tion good” is a tuple of a random variable 𝐼 , its realization or “true

value”
2 𝐼 (𝜔) = 𝑖 and a price: I = ⟨𝐼 , 𝑖, 𝑝⟩. All of these contents of an

information good may be hidden from 𝛼 . We want to study how 𝛼

values informational goods.

With no further information, 𝛼 ’s choice would maximize its

utility over its prior, i.e. choose argmax𝑥∈X E [𝑈 (𝑥)]. With infor-

mation ⟨𝐼 , 𝑖, 𝑝⟩, the agent would instead maximize its utility over its

posterior, i.e. argmaxE [𝑈 (𝑥) | 𝐼 = 𝑖]. Thus we can say the utility

of that information is:

𝑈 1 (I) = 𝑈 (argmaxE [𝑈 (𝑥) | 𝐼 = 𝑖])
−𝑈 (argmaxE [𝑈 (𝑥)]) − 𝑝 (1)

If 𝛼 has to decide whether to buy an information good (or decide

which one to buy out of a list of offers), it has to take the expectation

of𝑈 1 (I). There are several ways to do this. There is the ex-post value
of information E

[
𝑈 1 (I) |𝐼 = 𝑖

]
, which is 𝛼 ’s estimate for I = ⟨𝐼 , 𝑖, 𝑝⟩

after viewing it:

E
[
𝑈 1 (I) |𝐼 = 𝑖

]
= max

𝑥∈X
E [𝑈 (𝑥) | 𝐼 = 𝑖]

− E
[
𝑈

(
argmax

𝑥∈X
E [𝑈 (𝑥)]

)
| 𝐼 = 𝑖

]
− 𝑝 (2)

The ex-ante value (before seeing the information) may be taken

as the expectation over Equation (2): E𝑖∼𝐼
[
E
[
𝑈 1 (I) |𝐼 = 𝑖

] ]
(which

would be the value of an experiment [30]), though if 𝛼 is not even

aware in advance which random variable 𝐼 will be revealed by

information good I, then we would further need to assume a prior

over the process generating I and take the expetation over it, i.e.

EI∼P[I]
[
E𝑖∼𝐼

[
E
[
𝑈 1 (𝐼 | 𝐼 = 𝑖)

] ] ]
. In the absence of any inspection

of the information before purchasing/scoring it, that ex-ante value

would be our value for I.
In the case where 𝛼 is an evaluator providing human feedback to

an AI model, the evaluator can see the information before scoring

it. The same is the case in the Information Bazaar of [42], where an

LLM agent inspects the information before deciding whether to buy

it for its principal. In these settings, 𝛼 will value the information at

its ex-post value E
[
𝑈 1 (I) |𝐼 = 𝑖

]
.

However, ex-post VOI is still not enough: while knowing 𝐼 = 𝑖

(inspecting I) provides some information on𝑈 (I), it does not provide
all of it; there may still be information asymmetry, because𝑈 (I) is
itself a random variable not completely determined by I (much like

in ordinary goods markets where you can inspect the good but still

have information asymmetry). The following example demonstrates

this.

2
Including 𝑖 in the tuple is to simplify notation when talking about taking conditional

expectations on 𝐼 . It is not necessary: instead of writing E [𝑈 (𝑥 ) | 𝐼 = 𝑖 ] we can think

of E [𝑈 (𝑥 ) | 𝐼 ] as itself a random variable correlated with 𝐼
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Example 2.1. Consider a forecasting decision problem where the

agent reports a probability 𝑥 ∈ [0, 1] for an event 𝐸, with log-score

utility

𝑈 (𝑥) =
{
log𝑥, if 𝐸 occurs

log(1 − 𝑥), otherwise.

Suppose P(𝐸) = 0.1, and there are two random variables 𝐼1, 𝐼2 such

that

P(𝐸 | 𝐼1 = 1) = 0.4, P(𝐸 | 𝐼1 = 1, 𝐼2 = 1) = 0.2.

One concrete joint distribution with these properties is shown in

Table 1.

Table 1: A distribution exhibiting the fact-checking effect.

P(𝐼1, 𝐼2) 𝐼1 𝐼2 P(𝐸 | 𝐼1, 𝐼2)
15/32 0 0 0.08

15/32 0 1 0.08

1/24 1 0 0.5

1/48 1 1 0.2

Now suppose an information seller knows that (𝐼1, 𝐼2) = (1, 1).
If the seller reveals only 𝐼1 = 1, the buyer updates from 0.1 to 0.4,

so the ex-post gain is log(0.4) − log(0.1). If the seller reveals both
(𝐼1, 𝐼2) = (1, 1), the buyer updates from 0.1 to 0.2, yielding only

log(0.2) − log(0.1). Hence the seller is incentivized to reveal only

𝐼1.

This illustrates a fact-checking failuremode: 𝐼1 can be interpreted

as a persuasive claim and 𝐼2 as additional context that weakens that

claim. Under a mechanism that rewards only immediate ex-post

value, providing the corrective context is disincentivized.

(Sidenote: Our presentation of “false” claims may be a bit confus-

ing. Since we’re dealing in a Bayesian setting, we do not suppose

that the AI/information-seller can directly give a false value for a

random variable—rather, the random variable 𝐼1 may be interpreted

as “what the AI says about some underlying (not directly observed)

random variable 𝐽1” etc.)

We instead provide two mechanisms: one, (1) Recursive Informa-

tion Protocol, for valuing information in markets with information

asymmetry (section 3) and (2) a scalable oversight or scoring mecha-

nism to supply “more fully informed” human feedback to AI models

during training (section 4).

3 MARKET MECHANISMS

One way to think of this persistence of information asymmetry is:

Equation (1) creates a new decision problem for 𝛼 , that of deciding

whether to buy I – or which information to buy out of a list of

offers. The set of information goods offered I = {I1, . . . I𝑘 } is a
new decision problem, with utilities of each choice now given by

the (unknown/random, much like𝑈 (𝑥)) true value-of-information

𝑈 (I). Thus we may be offered another set of information goods

{I1
1
, . . . I1

𝑘
} to help us with this decision, ad recursum. In general

we have a sequence of decision problems X𝑛+1 = P (I𝑛) where
I𝑛 := {I𝑛

1
, . . . I𝑛

𝑘
} are the information goods offered to us to help

us decide X𝑛 , and each choice corresponds to choosing a subset

of that information to help decide X𝑛 , where X0 = X and X1 =

P
(
I0

)
= P (I).

There are two ways that we can set up these recursive problems.

The first we call the successive inspection protocol, which we describe

in Section 3.1. However, this approach, while conceptually simpler,

has its limitations—and in Section 3.2 we will instead introduce the

superior recursive inspection protocol.

3.1 Successive Inspection Protocol

The successive inspection protocol protocol arises from “simply

applying Weiss et al. [42] to itself”: i.e. we model each decision

problem as having its own utility function𝑈𝑛 : X𝑛 → R based on

its instrumental utility for the previous decision problem X𝑛−1.

Table 2: Successive decision problems, naive approach

Choice set True utilities Information Offers

X 𝑈 : X → R I = {0, I1, I2, . . . }
X1 = I 𝑈 1

: X1 → R I1 = {0, I1
1
, I1
2
, . . . }

X2 = I1 𝑈 2
: X2 → R I2 = {0, I2

1
, I2
2
. . . }

. . . . . . . . .

𝑈𝑛+1 (⟨𝐼 , 𝑖, 𝑝⟩) := 𝑈𝑛
(
argmax

𝑥∈X𝑛

E
[
𝑈𝑛 (𝑥) | 𝐼 = 𝑖

] )
−𝑈𝑛

(
argmax

𝑥∈X𝑛

E
[
𝑈𝑛 (𝑥)

] )
− 𝑝 (3)

These choice sets and utilities are very similar to the decision

problems created by the recursive inspection protocol described in

Algorithm 2 and in the main body; except that each action 𝑥𝑛 ∈ X𝑛
is made only consulting the information chosen in 𝑥𝑛+1 ∈ X𝑛+1.
We can then say that the decisions made under this protocol are:

𝑥𝑛∗ = argmax

𝑥∈X𝑛

E
[
𝑈𝑛 (𝑥) | 𝑥𝑛+1∗

]
(4)

In general this is an ill-defined infinite recursion. But finite

restrictions of this are natural, stopping at some fixed 𝑥𝑁∗:𝑁 =

argmax𝑥∈X𝑁 E
[
𝑈𝑁 (𝑥)

]
(you can think of this stopping as caused

by the transaction costs of inspection), so that for 𝑛 < 𝑁 :

𝑥𝑛∗:𝑁 = argmax

𝑥∈X𝑛

E
[
𝑈𝑛 (𝑥) | 𝑥𝑛+1∗:𝑁

]
(5)

While this approach is suitable for settings where all sellers have

identical information (e.g. in an AI alignment setting), is it fails to

account for the possibility that a choice 𝑥𝑛 can directly (i.e. not

through its impact on 𝑥𝑛−1) impact a choice 𝑥𝑚 where𝑚 < 𝑛 − 1,
as demonstrated in the following example.

Counter-example. Consider the decision problem with action

set X0 = {𝑥0, 𝑥1, 𝑥2}. We interpret 𝑥0 as “eat raw legume”, 𝑥1 as

“eat rice” and 𝑥2 as “eat boiled legume”. In reality we have 𝑈 (𝑥2) >
𝑈 (𝑥1) >> 𝑈 (𝑥0) (rice is unhealthy, but raw legumes are toxic).

Suppose the first-level information offers are I0 = {𝐼1
0
, 𝐼1
1
},

where 𝐼1
0
states “legumes are toxic” and 𝐼1

1
states “rice is unhealthy”.

Suppose the second-level information offers are I1 = {𝐼2
0
}, where
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𝐼2
0
states “the toxins in legumes can be removed by boiling”. All of

these information offers could even be free.

Then the optimal action is (𝑥2, {𝐼1
0
, 𝐼1
1
}, {𝐼2

0
}); however, if the

information bought in level-2 {𝐼2
0
} is not available while deciding

𝑥0, the best the agent can do is (𝑥1, {𝐼1
0
}, {𝐼2

0
}) to prevent itself from

eating raw legumes (since it will not know that the toxins can be

removed by boiling). □

3.2 Recursive Inspection Protocol

Instead our approach, the recursive information protocol imple-

mented in Section 5, allows the agent (or rather the LLM subcon-

tracted by the agent) to retain the full sequence of information

bought in the recursive steps 𝑥𝑛+1∗ , . . . 𝑥𝑁 while making the deci-

sion 𝑥𝑛 ∈ X𝑛 (where 𝑁 is some pre-defined finite depth we recurse

till); furthermore 𝑥𝑛 is decided keeping in mind the full traceback of

decision problems X0, . . .X𝑛−1 that may be influenced by this de-

cision. This is naturally modelled as an imperfect recall game
3
[38]

where we first decide 𝑥𝑁∗ ∈ X𝑁 with full informationI0∪. . .I𝑁−1,
then 𝑥𝑁−1∗ ∈ X𝑁−1 with information I0 ∪ . . .I𝑁−2 ∪ 𝑥𝑁∗ and so

on until we finally decide 𝑥0∗ ∈ X0
with information 𝑥1∗ ∪ · · · ∪ 𝑥𝑁∗ .

This is shown in Figure 1.

A node (𝑥𝑛, . . . 𝑥𝑁 ) corresponds to the state where the agent

has purchased (𝑥𝑛, . . . 𝑥𝑁 ) and is choosing some 𝑥𝑛−1 ∈ X𝑛−1. For
a Bayesian agent, we can thus recursively give the “value of being

at a node”:

𝑈 (𝑥𝑛, . . . 𝑥𝑁 ) = 𝑈
(
argmax

𝑥∈X𝑛−1
E
[
𝑈 (𝑥, 𝑥𝑛, . . . 𝑥𝑁 ) |

I0 ∪ · · · ∪ I𝑛−2 ∪ 𝑥𝑛 ∪ · · · ∪ 𝑥𝑁
]
, 𝑥𝑛, . . . 𝑥𝑁

)
(6)

𝑈 (𝑥0, . . . 𝑥𝑁 ) = 𝑈 (𝑥0) −
𝑁∑︁
𝑛=1

∑︁
⟨𝐼 ,𝑖,𝑝 ⟩
∈𝑥𝑛

𝑝 (7)

This then completely specifies the behavior of a Bayesian agent

performing a depth-𝑁 recursive inspection:

𝑥𝑛∗ = argmax

𝑥∈X𝑛

E
[
𝑈 (𝑥, 𝑥𝑛+1, . . . 𝑥𝑁 ) | I0 ∪ . . .

∪ I𝑛−1 ∪ 𝑥𝑛+1 ∪ · · · ∪ 𝑥𝑁
]

(8)

In what sense is this algorithm “optimal”? It is instructive to first

consider what notions of optimality don’t hold for the recursive

inspection protocol:

Non-theorem 3.1. We might think that the resulting sequence

(𝑥0∗, . . . 𝑥𝑁∗ ) is optimal given all the information present in the system

I0, . . .I𝑁−1, i.e.

x∗ = argmax

x∈∏ X E
[
𝑈 (x) | I0 ∪ · · · ∪ I𝑁−1

]
Counter-example. It is always best to simply buy 𝑥0∗ and none

of the subsequent 𝑥𝑛∗ s that facilitated this decision. The same argu-

ment applies at any level, thus we cannot even make any claim like

“x∗ is optimal given the information purchased”. □
3
The decision-theoretic considerations in imperfect recall games do not matter to us,

as the agent’s actions themselves are not being forgotten — only the information offers

I0 ∪ . . . ∪ I𝑁−1

𝑥𝑁∗ 𝑥𝑁
1

𝑥𝑁
2

𝑥𝑁
3

. . .I0 ∪ . . . ∪ I𝑁−2
∪𝑥𝑁∗

𝑥𝑁−1∗ 𝑥𝑁−1
1

𝑥𝑁−1
2

𝑥𝑁−1
3

. . .I0 ∪ . . . ∪ I𝑁−3
∪𝑥𝑁−1∗ ∪ 𝑥𝑁∗

𝑥1∗ 𝑥1
1

𝑥1
2

𝑥1
3

. . .𝑥1∗ ∪ . . . ∪ 𝑥𝑁∗

. . .

𝑥0∗ 𝑥0
1

𝑥0
2

𝑥0
3

. . .

𝑈

(
𝑥0∗, . . . , 𝑥

𝑁
∗
)

Figure 1: Recursive Inspection as an imperfect recall game;

nodes are labelled by the information available for making

the decision at that node. Note how the decision tree is in the

reverse order of the inspection order: 𝑥𝑁 is decided first, and

𝑥0 last.

Instead, our algorithm seems to be optimal in a “bounded ratio-

nality” sense: optimal in a way that also accounts for the costs of

acquiring the information that would help improve our decision.

One way to phrase this is: ex-ante (not knowing the information it

is about to be offered), an agent would prefer to use this protocol

compared to any other protocol.

Definition 3.2 (Admissible purchase protocol). an “admissible

purchase protocol” is a list of functions 𝜉𝑛 mapping a decision

problem X0
and a sequence of information offer sets I0, . . .I𝑁−1

generated from it, to X,P
(
I0

)
, . . .P

(
I𝑁−1

)
:

𝑥𝑁 = 𝜉𝑁 (I0, . . .I𝑁−1)
. . .

𝑥𝑛 = 𝜉𝑛 (I0, . . .I𝑛−1, 𝑥𝑛+1, . . . 𝑥𝑁 )
. . .

𝑥0 = 𝜉0 (𝑥1, . . . , 𝑥𝑁 )

i.e. a decision cannot “steal” information offers specifically made

to help improve that decision, it can only depend on purchased

information offers. We denote the tupled function as (𝑥0, . . . 𝑥𝑁 ) =
𝜉 (I0, . . .I𝑁−1) = 𝜉 (I).

In order to express “ex-ante expected utility”, the agentmust have

a prior on theI𝑛 that will be generated— this can be achieved either
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by having a measurable map Ω → finset(InfoOffers)𝑁 (where

InfoOffers = F × {0, 1} × R is the type of information goods)

or more simply by assuming the random variables 𝐼𝑛
𝑘
revealed are

fixed and only having a prior over their values. Both allow us to

take an expectation over I0, . . .I𝑁−1.

Theorem 3.3 (Recursive Inspections are ex-ante superior to any

admissible protocol). Let 𝑥𝑛∗ be the protocol described in Equations (6)
to (8). Then for any admissible purchase protocol 𝜉 :

EI0,...I𝑁 −1 [𝑈 (𝜉 (I))]
≤ EI0,...I𝑁 −1 [𝑈 (𝑥∗ (I))]

Proof. Let 𝜉∗𝑛 denote the following admissible protocol:

𝑥𝑁 = 𝜉𝑁 (I0, . . .I𝑁−1)
. . .

𝑥𝑛+1 = 𝜉𝑁+1 (I0, . . .I𝑛, 𝑥𝑛+2, . . . 𝑥𝑁 )

𝑥𝑛 = 𝑥𝑛∗ (I0, . . .I𝑛−1, 𝑥𝑛+1, . . . 𝑥𝑁 )
. . .

𝑥0 = 𝑥0∗ (𝑥1, . . . , 𝑥𝑁 )

Then 𝜉∗𝑁 = 𝑥∗ and 𝜉∗−1 = 𝜉 . It suffices to show that 𝜉∗𝑛+1 domi-

nates 𝜉∗𝑛 , i.e.

EI0,...I𝑁 −1 [𝑈 (𝜉∗𝑛 (I))]
≤ EI0,...I𝑁 −1 [𝑈 (𝜉∗𝑛+1 (I))]

Observe that (where we have omitted the parameters to 𝑥𝑛∗ , 𝜉
𝑛
etc.

as a shorthand):

𝑈 (𝜉∗𝑛 (I0, . . .I𝑁−1)) = 𝑈
(
𝑥0∗, . . . 𝑥

𝑛
∗ , 𝜉

𝑛+1, . . . 𝜉𝑁
)

= 𝑈

(
𝜉𝑛+1, . . . 𝜉𝑁

)
Where we have recursively applied Equation (6) to transform the

expression into one about the value of a node at level 𝑛 + 1. Thus
the goal is reduced to:

EI0,...I𝑁 −1
[
𝑈 (𝜉𝑛+1, . . . 𝜉𝑁 )

]
≤ EI0,...I𝑁 −1

[
𝑈 (𝑥𝑛+1∗ , 𝜉𝑛+1, . . . 𝜉𝑁 )

]
From Equation (8) we have that this is true for the expectation

over I0, . . .I𝑛 ; we can then simply take the expectation over

I𝑛+1, . . .I𝑁−1 and have our result. □

4 HUMAN FEEDBACK FOR SCALABLE

OVERSIGHT

The mechanism in section 3.2 is unsuitable for settings where the

information provided by the sellers must be expensively generated

(rather than cheaply retrieving known information) in response

to the query—in particular, this is the case with training AI mod-

els. Instead, in this setting we may assume that we can initiate as

many instances as we want of the AI model we are trying to align:

𝛽1, 𝛽2, . . . with identical information K = ⟨𝐾,𝑘,∞⟩. Then let them

recursively generate information:

• 𝛽1 generates 𝑥1 to help us decide our original problem 𝑥0.

• 𝛽2 generates 𝑥2, which could affect our decision on the orig-

inal problem either directly or by influencing our evaluation

of 𝑥1

• 𝛽3 generates 𝑥3, which could affect our decision on the orig-

inal problem either directly or by influencing our evaluation

of 𝑥1, 𝑥2

• . . . until some 𝛽𝑁 estimates that any 𝑥𝑁 it generates will

only get less reward than giving 0

When themechanism terminates, the human evaluator calculates

the rewards 𝑅𝑛 for each 𝑥𝑛 taking into account the full sequence of

information (𝑥1, 𝑥2, . . . ) received (the computation of these rewards

will depend on the exact mechanism). In all this we regard the

actions 𝑥𝑛 , as before, to be purely a tuple of a random variable, its

value and its price, i.e. an 𝐼 ≤ 𝐾 so that its value 𝑖 is a function of

the value 𝑘 of 𝐾 and the prices of combined random variables are

additive.

It is important to let𝑁 go as high as needed; for any fixed number

of agents they may collude to obtain the greatest possible total

reward since it’s not a zero-sum game. The possibility of another

agent coming in and invalidating that, should prevent collusion.

Intuitively, the idea is that if 𝑥1 is bad, i.e. E[𝑈 1 (𝑥1) | 𝑥1] is
high but E[𝑈 1 (𝑥1) | 𝐾] is low, then 𝛽2 can easily generate an 𝑥2

from 𝐾 such that E[𝑈 1 (𝑥1) |𝑥1, 𝑥2] is low. And we would reward

𝑥2 for this, because it has significantly impacted our evaluation of

𝑥1 and—in our view, now that we know 𝑥1, 𝑥2—in a good way. Of

course this 𝑥2 could actually be bad—i.e. there could be some 𝑥3 that

makes us revise down our estimate of 𝑈 2 (𝑥2), i.e. which tells us

that 𝑅1 (𝑥1 | 𝑥1, 𝑥2) actually worsened/wasn’t a great improvement

over 𝑅1 (𝑥1 | 𝑥1).
The following gives an example of such a mechanism, which

may be seen as a generalization of AI safety via market-making to

tasks beyond binary forecasting.

Definition 4.1 (Marginal value mechanism). At each point after

𝑥1, . . . 𝑥𝑛 is generated, we note down what our action would be, if

given just this much information:

𝑥0𝑛 = argmax

𝑥0
E[𝑈 (𝑥0) |𝑥1, . . . 𝑥𝑛]

Then the “true” value of each successive piece of information is

𝑈𝑛 (𝑥𝑛) = 𝑈 (𝑥0𝑛) −𝑈 (𝑥0𝑛−1) − 𝑝 (𝑥
𝑛)

We do not know these true values; however at the end of the

process we can estimate these values based on all the information

we have received.

𝑅𝑛 = E[𝑈𝑛 (𝑥𝑛) |𝑥0, . . . 𝑥𝑁 ]
And supply that as reward to 𝛽𝑛 .

Definition 4.2 (Equilibrium). Let 𝜎 : (𝑥1, . . . 𝑥𝑛−1) ↦→ 𝑥𝑛 denote

strategies and let 𝐻 (𝑥1, . . . 𝑥𝑛, 𝜎𝑛+1, 𝜎𝑛+2, . . . ) denote the terminal

history resulting from applying strategies 𝜎𝑛+1, 𝜎𝑛+2, . . . starting
from a pre-set history. Then (𝜎1∗ , 𝜎2∗ , . . . ) is a subgame-perfect equi-

librium of the described game if for all 𝑛 and any pre-set history

ℎ𝑛−1 = (𝑥1, . . . 𝑥𝑛−1):
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𝜎𝑛∗ (ℎ𝑛−1) = argmax

𝑥𝑛
𝑅𝑛 (𝐻 (ℎ𝑛−1, 𝑥𝑛, 𝜎𝑛+1∗ , 𝜎𝑛+2∗ , . . . ))

The actual playedmoves are then:𝑥1∗ = 𝜎
1

∗ (·) and𝑥𝑛∗ = 𝜎𝑛∗ (𝑥1∗, . . . 𝑥𝑛−1∗ ).

In order to characterize the equilibrium of the marginal value

mechanism game, we take inspiration fromAI safety via debate [27],

where the provider of the first argument is incentivized to produce

an “irrefutable” argument𝑥1, i.e. one such that∀𝑥2, ∃𝑥3, . . . human(𝑥1, . . . 𝑥𝑁 ) =
1 in favour of 𝑥1. Similarly in our setting, we call a piece of informa-

tion “inextensible” if no future player has a profitable inextensible

move. Formally:

Definition 4.3 (Inextensibility). Information 𝑦 “extends” 𝑥𝑛 (de-

noted 𝑦/𝑥𝑛) if E[𝑈𝑛+1 (𝑦) |𝑥𝑛, 𝑦] ≥ 0 and call information 𝑥1 inex-

tensible (denoted [𝑥]) if:

∀𝑥2/𝑥1, ∃𝑥3/(𝑥1, 𝑥2), [𝑥1, 𝑥2, 𝑥3]

Thus 𝑥1 is inextensible if

• �𝑥2/𝑥1 OR
• ∀𝑥2/𝑥1, ∃𝑥3/(𝑥1, 𝑥2), �𝑥4/(𝑥1, 𝑥2, 𝑥3) OR
• ∀𝑥2/𝑥1, ∃𝑥3/𝑥1,2,∀𝑥4/𝑥1...3, ∃𝑥5/𝑥1...4, �𝑥6/𝑥1...5 OR
• . . .

Theorem 4.4 (Characterization of equilibrium). At the subgame-

perfect equilibrium of the marginal value mechanism:

• 𝑥1∗ is inextensible.
• ∀𝑛 > 1, 𝑥𝑛∗ = 0
• Among all inextensible 𝑥1, 𝑥1∗ has the highest ex-post VOI:
E[𝑈 1 (𝑥1∗) | 𝑥1∗] ≥ E[𝑈 1 (𝑥1) | 𝑥1].

Proof. We argue by backward induction on subgames.

Fix any history ℎ𝑛−1 = (𝑥1, . . . , 𝑥𝑛−1). By Definition 4.2, player

𝑛 chooses

𝑥𝑛∗ = argmax

𝑥𝑛
𝑅𝑛 (𝐻 (ℎ𝑛−1, 𝑥𝑛, 𝜎𝑛+1∗ , 𝜎𝑛+2∗ , . . . )) .

Under Definition 4.1, the null action 0 yields zero marginal contri-

bution and zero price, hence payoff 0 in that subgame. Therefore

a non-null move is chosen at stage 𝑛 only if it has nonnegative

continuation value relative to 0.
Now consider the continuation game after some 𝑥1. The predi-

cate 𝑦/𝑥𝑛 in the inextensibility definition is exactly the condition

that player 𝑛+1 has a weakly profitable extension. Thus:

• if �𝑥𝑛+1/(𝑥1, . . . , 𝑥𝑛), then in that subgame player 𝑛+1’s best
response is 0;
• if such an extension exists but can be countered at the next

step, then (by subgame perfection) that extension is not

part of an optimal continuation unless the counter-counter-

continuation is itself unprofitable.

Hence the alternating quantifiers in Definition 4.2 and in the defi-

nition of inextensibility coincide: [𝑥1] means player 2 has no prof-

itable continuation in equilibrium from 𝑥1.

Therefore, in any SPE, 𝑥1∗ must be inextensible; otherwise player

2 would have a profitable deviation in the subgame after 𝑥1∗ , con-
tradicting subgame perfection. This proves the first bullet.

Algorithm 1 One-level Inspection Protocol from [42]

class BuyerContext

X : decision problem it wants information for

𝐷 : list[str] → X, decision procedure based on available infor-

mation

end class

class Seller

𝐴 : BuyerContext→ str×R, generate InfoOffer and price

end class

procedure IP(𝑄 : BuyerContext)

⊲ Post contextual information to sellers to receive InfoOffers

I ← {𝛽 (𝑄) for 𝛽 ∈ Sellers}

⊲ Use an LLM to decide which I to buy

𝐼∗ ← LLM(prompt =

“You need to buy an I from I to help decide 𝑄”) ()

⊲ Decide based on purchased information

𝑥∗ ← 𝑄.𝐷 (𝐼∗)
return 𝑥∗

end procedure

Given [𝑥1∗], player 2’s equilibrium action is 0. Once 𝑥2∗ = 0, the
same argument applies recursively to every later subgame, so for

all 𝑛 > 1 we get 𝑥𝑛∗ = 0. This proves the second bullet.

With continuation fixed at zeros, player 1’s payoff from choosing

𝑥1 is exactly its own ex-post marginal value:

𝑅1 = E[𝑈 1 (𝑥1) | 𝑥1] .

Hence player 1 solves

max

𝑥1:[𝑥1 ]
E[𝑈 1 (𝑥1) | 𝑥1],

so the equilibrium choice 𝑥1∗ is an inextensible 𝑥1 with maximal

ex-post VOI. This is the third bullet. □

5 PRACTICAL ALGORITHM

Algorithm 1 shows the inspection protocol for information markets

introduced in [42]: information sellers offer information goods to

a buyer, who spins off an LLM to inspect and purchase the infor-

mation goods. Our Recursive Inspection Protocol extends this by

letting the subcontracted LLM buyer further consult the informa-

tion market (spin off another sub-LLM) to help it make its decision,

ad recursum. A simplified version of the logic, ignoring server

implementation details, is presented in in Algorithm 2 and Figure 2.

A working implementation of an information market server

implementing the Recursive Inspection Protocol is available at the

infonomy-server repository4 – some screenshots of the platform’s

GUI are shown in Figure 3. Many applications of such a server are

immediate:

• Question & Answer site – As presented, infonomy-server
can be seen as a Q & A site with market incentives for an-

swering questions.

4
https://anonymous.4open.science/r/infonomy-server-5668/

https://anonymous.4open.science/r/infonomy-server-5668/
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Algorithm 2 Recursive Inspection Protocol

procedure RIP(𝑄 : BuyerContext)

⊲ Post to sellers and get InfoOffers from them

I ← {𝛽 (𝑄) for 𝛽 ∈ Sellers}

⊲ Create Recursive BuyerContext to help decide 𝑄

𝑄 ′ ← BuyerContext(I, LLM(prompt =

“You need to buy an I from I to help decide 𝑄”))

⊲ Get InfoOffers chosen in 𝑄 ′

𝐼∗ ← RIP(𝑄 ′)

⊲ Decide based on all collected information from recursive

steps

𝑥∗ ← 𝑄.𝐷 (𝐼∗)
return 𝑥∗, 𝐼∗

end procedure

• Privatized product regulation – The BuyerContexts might

be names or links to products (the decision being “should

I buy?”), and the InfoOffers could be inspection checks

done by private labs, or customer reviews, which are now

incentivized to be answerable to the customer.

• Community Notes – In the spirit of well-known crowdsourced

fact-checking systems such as Community Notes/Birdwatch

[43], we might use information markets as a “comments

section for the internet”, where BuyerContexts would be

links to webpages or social media posts (the decision being

“should I believe?”) and the InfoOffers would be fact-checks

or important context.

• Reasoning in prediction markets – Forecasters on prediction

markets may benefit from incentivizing the provision of

information relevant to a forecast. One solution to this was

given by [12]; another is to use infonomy-server: where
the BuyerContexts are the questions being forecasted on

(“What is the correct probability of this question?”) and the

InfoOffers are any relevant pieces of information.

6 FUTUREWORK

We have introduced a Bayesian framework for “extrapolated voli-

tion”: i.e. to model a subjective buyer/rater’s “most fully informed”

score for the value of some piece of information. This allows us to

design mechanisms for information markets (section 3.2) as well as

for supplying human feedback to AI models (section 4).

The ideal desideratum we would like a scalable oversight mecha-

nism to satisfy is that it should incentivize the AI/information-seller

to give the optimal information according to the information it pos-

sesses: if the seller has information 𝐾 = (𝐼1, 𝐼2, . . . ), it should give

information 𝐼 that optimizes
5 E[𝑈 1 (𝐼 ) |𝐾 = 𝑘]. This would exactly

describe the buyer’s extrapolated volition: what would the buyer

5
Naively one may think this means the AI should simply give 𝐾—realistically though,

𝐾 would be very large, reflecting the AI’s entire knowledge and capabilities. Thus

taking the cost of 𝐾 into account (assumed to be∞ in section 4), that would certainly

not be optimal.

Legend

Buyer submits Query

Seller posts InfoOffers in response

Buyer subcontracts LLM buyer to inspect InfoOffers

Subcontracted buyer buys InfoOffers and

returns unlocked contents to principal

Buyer0 Sellers

Query

InfoOffers0

Buyer1

if inspect

InfoOffers0

Query

InfoOffers1

chosen subset

of InfoOffers0

Buyer2

if inspect

InfoOffers1

Query

InfoOffers2

chosen subset

of InfoOffers1

if inspect

InfoOffers2

...

Figure 2: The Recursive Inspection Protocol

do if she were as smart as the AI? Or we could say: this would ex-

actly align the AI or information-seller to our own values, while

maintaining its superior information.

Unfortunately, our marginal value mechanism does not satisfy

this hope. Take the following example.

Example 6.1. Suppose our decision problem is {0, 1} and:
• in our prior judgement, 0 is the better choice: E[𝑈 (0)] = 1,

E[𝑈 (1)] = 0

• 𝐼1 tells us 1 is better: E[𝑈 (0) |𝐼1] = 0, E[𝑈 (1) |𝐼1] = 1

• 𝐼2 refutes 𝐼1 and says 0 is better: E[𝑈 (0) |𝐼1, 𝐼2] = 1 and

E[𝑈 (1) |𝐼1, 𝐼2] = 0

• 𝐼3 refutes 𝐼2 and says 1 is better: E[𝑈 (0) |𝐼1, 𝐼2, 𝐼3] = 0 and

E[𝑈 (1) |𝐼1, 𝐼2, 𝐼3] = 1

• with the full information, 1 is the better choice: E[𝑈 (0) |𝐾] =
0, E[𝑈 (1) |𝐾] = 1

But say 𝐼1 and 𝐼2 are cheap, while 𝑝 (𝐼3) = 100. Then the best

information to reveal is 𝐼1 — but it won’t be revealed, because 𝐼2
will cheaply refute it while defending it with 𝐼3 is too expensive.
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(a) Posting a new question (BuyerContext); viewing BuyerCon-

textson the server

(b) Posting an answer (InfoOffer); initiating a recursive inspection

(c) Inspecting and purchasing InfoOffers; viewing purchased In-

foOffers

Thus instead we want to say that the agent can’t give information

so bad that its shortfall exceeds its “cost of defense” (in this case,

100).

(d) Bot sellers automatically answer recursive BuyerContexts

Figure 3: Screenshots from the infonomy-server platform

Sowhile it is not generally true that𝑥1∗ = argmax𝑥1 E[𝑈 1 (𝑥1) |𝐾],
we may hope for a lower bound on “how bad” the equilibrium could

possibly get, i.e. a result like E[𝑈 1 (𝑥1∗) |𝐾] ≥ max𝑥1 E[𝑈 1 (𝑥1) |𝐾] −
E for some shortfall expression E that is some measure of the “cost

of defending the correct information”—and we may also use the ex-

pression for such a shortfall as a measure of how good a particular

scalable oversight protocol is.
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A BASIC RESULTS ABOUT

VALUE-OF-INFORMATION

We include a corrected and generalized version of an incorrectly-

formulated result in the arXiv version of Weiss et al. [42]. These

lemmas are perhaps obvious, but the whole theory of value-of-

information and information bazaars rests upon them. Lemma A.1

asserts that “a Bayesian agent expects to gain from information”
6
.

Lemma A.2 asserts that “a Bayesian agent expects to gain from

inspection”. Since the agent can always choose not to buy anything

after inspecting, in the absence of transaction costs of inspection

buyers will want to inspect more and more at each step.

Lemma A.1 (Bayesian agent expects to gain from information).

Assume a probability space (Ω, F , P), a set of choicesX and a measur-

able utility function 𝑈 : Ω × X → R. Then for any random variable

6
From an AI alignment perspective, this may instead be phrased “A Bayesian agent

trusts a more informed version of itself”, and is a statistical-information version of

Vingean reflection or tiling agents [15], the desire that (even logically non-omniscient)

agents can trust smarter versions of themselves.
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𝐼 : Ω → R, we have:

E𝐼

[
𝑈 (argmax

𝑥
E [𝑈 (𝑥) | 𝐼 ])

]
≥ maxE [𝑈 (𝑥)]

Proof. For all values of 𝐼 = 𝑖 and for all 𝑥0 ∈ X, we have (from
the definition of argmax):

E
[
𝑈 (argmax

𝑥
E [𝑈 (𝑥) | 𝐼 = 𝑖]) | 𝐼 = 𝑖

]
≥ E [𝑈 (𝑥0) | 𝐼 = 𝑖]

We take the expectation over 𝑖 ∼ 𝐼 on both sides, apply the law

of total expectation and set 𝑥0 = argmaxE [𝑈 (𝑥)] to obtain our

result. □

Lemma A.2 (Bayesian agent expects to gain from inspection). Let

the recursive construction of X𝑛 , 𝑈𝑛 , InfoOffers𝑛 ,𝑥𝑛∗ be as in Sec-

tion 2. Then ∀𝑛, E
[
𝑈𝑛+1 (𝑥𝑛+1∗ )

]
≥ 0. The same also applies to finite-

depth inspections i.e. E
[
𝑈𝑛+1 (𝑥𝑛+1∗:𝑁 )

]
≥ 0.

Proof. Equation (4) implies that E
[
𝑈𝑛

(
𝑥𝑛∗ | 𝑥𝑛+1∗

) ]
is ≥ any

version of the same expression with 𝑥𝑛∗ replaced by any 𝑥 ∈ X𝑛 .
We choose 𝑥 = 0, for which the expression evaluates to 0, and take

the expectation over 𝑥𝑛+1∗ . □
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