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Abstract

This paper asks when a decision maker who observes a free, truthful compression
of a finite evidence corpus will still pay to inspect the underlying evidence. Al review
summaries provide the leading application: a consumer sees a finite-slot summary and
may then open reviews from the same pool. Because the summary and later evidence
share a source, Bayesian learning must be compression-consistent.

A scalar majority summary rule benchmark illustrates the shared-pool mechanism.
Raw-review updates are attenuated relative to a matched independent-summary
benchmark, and verification is nonmonotone in signal precision: greater precision can
first create and then eliminate review reading. The multidimensional model supplies
the main economics. Reviews are sparse across experience attributes and the summary
displays only the top-K dimensions by prevalence. Nondisplay then shifts the omitted
dimension’s coverage distribution downward in likelihood-ratio order, reducing its
perceived chance of appearing in another review. Yet fixed display capacity leaves
pivotal omitted dimensions unresolved even in arbitrarily large review pools. Prevalence
is not consumer relevance: without bounded alignment it has no positive guarantee for
the verification-minimizing slot allocation. An exact dynamic welfare representation
then shows that fewer review openings can accompany either higher welfare through
free information substitution or lower welfare through tail-dimension suppression. The
analysis thereby supplies the demand side of a constrained information-design problem
in which a platform chooses truthful finite-capacity compression while anticipating
costly downstream verification. Majority and top-K selection deliver transparent closed
forms; the posterior and Bellman construction remains exact under any known finite
truthful compression kernel.
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1 Introduction

When searching consumers increasingly encounter an Al-generated answer before deciding
whether to inspect the sources from which it was produced. On product pages, the answer
is a review summary and the sources are individual reviews; in Al-assisted web search,
the answer is an overview and the sources are linked pages. This new information layer is
behaviorally consequential. In a randomized field experiment, Agarwal and Sen (2026) find
that, when a Google AI Overview appears, it reduces outbound organic clicks by 39.8% and
raises the probability of a zero-click search by 34.5%. In product-information acquisition
models such as Branco, Sun, and Villas-Boas (2012), a consumer pays to learn attributes and
stops when the value of further information falls below its cost. Al changes that problem
by making an initial synthesis nearly free while leaving source-level verification costly,
leaving the question of consumer behavior in this environment ambiguous.

The primary modelling choice of the information eviornment in this paper encompasses
a truthful finite-output compression of a realized evidence corpus. The summary is
neither an independent signal nor an unlimited report: it is generated from the same
evidence that the consumer can later inspect at a cost. Hence the posterior must be
compression-consistent. After observing the summary, the consumer updates both about
the payoff-relevant state and about the raw evidence that remains hidden but must still
rationalize the displayed output. The Al system is therefore modeled as a compression
mechanism—a known information policy mapping evidence into a compressed message.

Viewed upstream, the platform could choose this mechanism subject to truthfulness
and display-capacity constraints while anticipating the consumer’s posterior updating,
verification policy, and final action. The present paper takes the mechanism as known and
exogenous and solves that demand-side response. It therefore supplies the consumer-sided
foundation for the platform’s compression-design problem. Given this, the posterior
and Bellman construction can be interpreted as a characterization of the consumer’s best
response to any known finite compression kernel. Endogenizing platform design selects
which kernel the consumer faces; it does not alter that conditional demand-side solution,
provided the platform’s rule-selection process is observed or incorporated into the effective
kernel.

This formulation defines a reusable post-compression verification problem: a state
generates a finite source corpus, a compression rule maps that corpus into a negligible-cost
message, and a Bayesian decision maker chooses whether to unpack sources sequentially
before acting. Existing work studies its ingredients separately. Consumers search after
seeing partially revealed product information (Gu and Wang, 2022); receivers acquire costly
information after a sender’s message (Wei, 2021; Matyskova and Montes, 2023); platforms
aggregate ratings (Dai et al., 2018); and individual reviews affect demand even after an
aggregate rating is visible (Vana and Lambrecht, 2021). To my knowledge, the distinctive
conjunction has not been modeled in economics: a free coarsening of a realized finite corpus
followed by costly inspection of that same corpus, with every subsequent observation
constrained by the coarsening already seen. This economic object is the contribution;
its main economic payoff is multidimensional. Al is the leading application of such a
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model: it makes source-backed compression inexpensive, scalable, multidimensional,
and routinely displayed alongside the underlying evidence. The claim is not that costly
information acquisition or coarse communication is itself new. Product listings reveal
search attributes such as price, size, and number of ports. Reviews speak to experience
attributes: whether charging slows when a USB-C hub is fully loaded, whether a laptop
keyboard is comfortable, or whether a restaurant is reliable for dietary restrictions. A
finite-slot summary can display only a subset of these dimensions and may fold several
narrow concerns into one broad cell. Even when the platform is fully truthful, omitted or
folded dimensions can create residual verification value for consumers whose tastes load
on them.

The distinction is especially sharp when the summary already reports exact positive
and negative counts: opening another passively sampled review then teaches nothing
more about that displayed dimension. Formally, the total favorable count is sufficient
for latent binary quality. Exact counts therefore make displayed singleton dimensions a
finite-N null: residual review reading must be supported by omitted dimensions, folds,
richer within-sign content, or a departure from the maintained sampling model.

The analysis delivers three findings. First, using the same finite pool for compression
and verification changes Bayesian updating. Theorem 1 shows that an opened review
receives less log-likelihood weight than in a matched independent-summary experiment,
because the residual pool must continue to rationalize the summary. The summary’s
informational content is progressively depleted as reviews are opened. Proposition 1 and
Corollary 1 then show that verification need not fall monotonically with precision: a more
informative summary can move the decision toward the stopping margin before eventually
becoming decisive.

Second, finite slots create a distinct multidimensional channel. Theorem 2 shows that
top-K prevalence selection makes omission self-concealing. Nondisplay is not neutral:
it shifts the omitted topic’s coverage distribution downward and therefore reduces the
perceived probability that another review will discuss it. Corollary 3 identifies a nonempty
cost interval on which this selection content suppresses one-step reading relative to
otherwise matched, exogenous nondisplay. Theorem 3 establishes that this channel does
not vanish with evidence abundance. Large pools resolve displayed majority cells, but a
pivotal omitted dimension with positive topic-arrival probability can continue to support
costly verification.

Third, prevalence is not consumer relevance, and reduced reading is not itself a welfare
objective. The platform’s prevalence ranking and the consumer’s relevance ranking need
not agree. Theorem 4 gives a sharp approximation guarantee when residual verification
value per unit of prevalence is bounded across dimensions, and proves that no positive
uniform guarantee survives without that alignment restriction. The design implication
is that, if the goal is to reduce costly follow-up, slots should be ranked by taste-weighted
residual verification value not just raw frequency alone. That inspection-pressure objective
is not itself welfare. Theorem 5 establishes the fully dynamic boundary: review-opening
rates do not order consumer welfare across truthful finite-slot rules: on open sets of
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primitives, fewer openings reflect welfare-improving substitution toward free information;
on other open sets, they reflect welfare-reducing suppression of a pivotal tail dimension.
The result does not rank top-K against randomized display unconditionally; it rules out
treating click reduction itself as welfare.

Majority and top-K selection are transparent analytical benchmarks, not claims about a
particular deployed interface. For any known finite truthful kernel Q, the model integrates
over hidden corpus realizations and yields an exact posterior, predictive transition, and
within-product Bellman problem. Section 6 states this portability result and shows how
a measured rule replaces the benchmark likelihood. Identification of that rule and of
search costs, the across-product dynamic problem, and experimental validation are left to
companion projects.

1.1 Related Literature

The paper sits at the intersection of consumer search, costly product-information acquisition,
and information design. From canonical search models it inherits the stop-or-continue
logic and the comparison to an outside opportunity (Stigler, 1961; McCall, 1970; Weitzman,
1979); from equilibrium and ordered-search models it inherits the idea that search behavior
is shaped by the value of the next feasible action (Diamond, 1971; Wolinsky, 1986; Stahl,
1989; Olszewski and Weber, 2015; Armstrong, 2017; Choi, Dai, and Kim, 2018; Greminger,
2022). The paper is closest, however, to product-information acquisition models, in which
consumers pay to learn about product attributes before choosing (Nelson, 1970; Branco, Sun,
and Villas-Boas, 2012; Ke, Shen, and Villas-Boas, 2016; Ke and Villas-Boas, 2019; Gibbard,
2022). I use the same basic demand-side ingredients: observed product characteristics and
price are known before costly learning; latent experience attributes enter utility through
posterior expected quality; and the consumer compares the current product to an outside
continuation value. Gu and Wang (2022) are a particularly close interface-level antecedent:
selected attributes appear in an outer layer and a click reveals the product’s remaining
attributes. Here, by contrast, the free outer layer is an aggregate generated from a realized
noisy corpus, and costly inspection reveals elements of that same corpus. The departure is
thus the information environment. Before paying to inspect reviews, the consumer sees a
free Al summary that is a coarsening of the same finite review pool she can later unpack.

The modeling of the summary borrows from information-design and rating-design
work, where a signal structure maps underlying information into messages (Nelson, 1974;
Anderson and Renault, 2006; Kamenica and Gentzkow, 2011; Hopenhayn and Saeedi,
2026; Saeedi and Shourideh, 2026). The decision-margin logic also rests on standard
value-of-information economics: Blackwell comparison ranks information structures, and
information has zero gross value when it cannot change the decision (Blackwell, 1953;
Chade and Schlee, 2002). Thus the decision-sufficiency result below should be read as
an application of a classical principle to a new information environment, not as a new
theorem about value of information per se. Unlike unconstrained persuasion, the platform
here cannot select arbitrary posterior beliefs: its messages must be supported by a realized
corpus that remains available for costly inspection. The paper solves the receiver’s response
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to a fixed mechanism. What is new is the application of the compression-consistent
posterior. The free summary and the later costly reviews are not independent experiments;
they are two views of one finite pool, so every opened review updates beliefs about both
quality and the hidden evidence that must still rationalize the summary.

That shared-pool restriction generates a belief-updating implication that is absent from
a matched independent-summary benchmark. A review that contradicts the summary is
still bad news, but its effect is rationally dampened because the unopened residual pool
must remain summary-consistent. This is different from behavioral under-reaction or noisy
probabilistic reasoning (Benjamin, 2019). The attenuation is fully Bayesian and disappears
in an independent-summary model with the same summary precision; it is therefore a
structural fingerprint of using the same finite pool for compression and later verification.

Existing theory already shows that free or public information can alter subsequent
costly learning. Public communication may crowd out private acquisition (Chahrour,
2014); sender-provided information can deter, encourage, or redirect follow-up learning
(Matyskova and Montes, 2023; Cheng, 2023); and costly acquisition can be concentrated
at intermediate levels of public-information quality (Yoon, 2015). In a particularly useful
independent-signal benchmark, Liao and Szkup (2026) study a free initial signal followed
by costly sequential signals and find that the conditional acquisition region expands with
the precision of the additional signal. The mechanism here is different. A single primitive
p simultaneously improves a free compression and the raw evidence available for costly
verification, and the two observations are linked because they use the same finite pool. The
resulting comparative static combines the usual value of a more precise raw signal with
the growing decisiveness of the compression itself.

The multidimensional model connects the paper to disclosure and coarse commu-
nication, but the mechanism is different. Voluntary- and verifiable-disclosure models
study strategic evidence transmission and the limits of disclosure when evidence can be
selectively presented (Milgrom, 1981; Grossman, 1981; Dye, 1985; Seidmann and Winter,
1997; Giovannoni and Seidmann, 2007; Shin, 2003; Dziuda, 2011; Bizzotto, Riidiger, and
Vigier, 2020; Titova and Zhang, 2025). Here nondisplay is informative even without
strategic concealment: under a known top-K prevalence rule, an omitted dimension is
inferred to be less prevalent and therefore less likely to arrive in future reviews. Likewise,
coarse-communication and persuasion models study limited message capacity and sender-
provided information (Le Treust and Tomala, 2019; Aybas and Turkel, 2026; Wei, 2021;
Matyskova and Montes, 2023). In Wei (2021) and Matyskova and Montes (2023), costly
learning follows sender-provided information, but follow-up acquisition is an information-
processing choice or an independent experiment. Here the follow-up observations are
elements of the corpus that generated the initial message. The finite-slot constraint is used
for a receiver-side question: whether a truthful summary leaves residual verification value,
and which slots reduce costly follow-up for consumers with heterogeneous tastes.

Finally, the paper is related to rational-inattention and online-review evidence. Rational-
inattention models endogenize information processing (Matéjka and McKay, 2015; Caplin
and Dean, 2015); here the platform supplies the compression and the consumer decides
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Figure 1: Post-compression verification. The Al summary and any later opened reviews are
generated from the same finite evidence pool. Observing the summary therefore changes
both beliefs about product quality and beliefs about what raw evidence remains hidden.

whether to unpack it. Empirical work on online reviews shows that reviews affect demand
and that consumers use review text in addition to summary statistics (Chevalier and
Mayzlin, 2006; Cheng, Guo, and Liu, 2021). Dai et al. (2018) study how platforms should
aggregate heterogeneous ratings, while Vana and Lambrecht (2021) show that individual
reviews retain purchase effects after controlling for the aggregate rating, especially when
they resolve uncertainty or contrast with the aggregate. Recent field evidence further
shows that platform information can change exploration (Fang et al., 2024), and early
evidence on Al review summaries reports reduced engagement with individual reviews
(Alavi and Nozari, 2025). These findings motivate, but do not provide, a compression-
consistent model of the consumer’s source-opening decision. The contribution here is a
theory of truthful finite-slot summaries for multidimensional experience-good information
acquisition. The companion numerical paper endogenizes M through the full across-option
Bellman problem.

1.2 Roadmap

Section 2 states the common within-product environment. Sections 3—4 use scalar majority
aggregation to isolate compression-consistent updating and the decision margin. Section 5
develops the core finite-slot multidimensional model and its omission, persistence, and
design results. Section 6 explains which objects survive under a general known kernel
and uses a three-cell rule as a short contrast. Section 7 disciplines magnitudes with an
Amazon-informed illustration. Section 8 locates the across-product, identification, and
experimental companions.
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2 The Post-Compression Verification Problem

2.1 Economic environment

Suppose a consumer is searching for a product and arrives at product j!. Conditional
on arriving at j the consumer’s problem is whether she knows enough about the current
product to maxmise her utility. The product has D > 1 latent experience dimensions,

0 =(64,...,60p)€{0,1}P.

The consumer observes product characteristics x and price P for free without acquiring
any other information. These observables resolve the search-good component of value and
help determine the prior over latent experience quality. Her realized utility from choosing
the product is

D D
wOy)=  Xp-aP  + Y ybs ,  a>0, ya20, » ya>0. 21
— d=1 d=1
observed product value —

latent experience value

Here f contains the utility coefficients on observed characteristics, « is price sensitivity, and
¥ =(y1,...,yp) records the consumer’s tastes for the latent dimensions. Economically,
v4 says how much dimension 4 matters to this consumer, while 6; says whether the
product delivers high quality on that dimension. If her belif is u = (u1, ..., up), where
pa = P(64 = 1| current information), expected product utility is

D
O(u;y) =xp—aP + Z Vdlid- (2.2)
d=1

The scalar benchmark sets D = 1; the core model allows D > 1.
Product j generates a finite corpus of information & = (R, M) containing N inspectable
signal vector (review). Review n is the sparse vector

tn=(rn1,...,"uD), rma €1{0,1,2}, (2.3)
that contains a signal or the lack of one about each dimension, and
Mpg = Yruq # @} (2.4)

records whether it discusses dimension d. Thus R = {r,4},,4 contains the signs and
M = {my, 4}, 4 contains topic coverage. Making these two objects is imperative because
an unopened review is uncertain along two infromation margins: first, what it will say

subscript suppressed throughout analysis for brevity
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about a dimension and second whether it will discuss that dimension at all. The simpler
scalar benchmark removes the second margin. Conditional on quality and coverage, each
observed sign satisfies

P(ryg = 64| 04, mpq =1) = pg, pa € (1/2,1), (2.5)

and signs are independent across reviews and dimensions given (6, M). The consumer
knows a prior G(M) over coverage matrices. The convinient factorization is

PO, M) =P(O)G(M), (2.6)

so topic incidence is not itself a signal of quality before the summary is observed. A
correlated joint prior can instead be inserted into the same integrated likelihood below.
The scalar benchmark is exactly the special case D = 1, m,; = 1 for every n, and
E =R ={r,...,rn}; I then write p1 = p.

Admissible compression mechanisms. Before inspection, the platform maps the realized
corpus into a free finite message. A summary of an object with multiple dimensions of
quality performs two economically distinct tasks: it chooses which dimensions receive
scarce display space, and it compresses the evidence attached to those displayed dimensions.
Write the output as w = (S, as), where S is the set of displayed dimensions, |S| < K < D.
Here K is display capacity, not the total number of potentially relevant dimensions. The
vector as records finite displayed content: depending on the interface, a cell may be a
sentiment category, an exact or interval count, or a label that folds several fine dimensions
together. Let z collect public inputs such as category and interface features, and let ¢ index
the known rule. The compression kernel is

Qo(w | &,z2) = P(summary messageis w | &, z; ¢). (2.7)
—_————
known compression mechanism

For each corpus, let 'y (&, z) be the set of messages licensed by the rule’s declared selection,
grouping, and displayed-content statistics. For example, under scalar majority the licensed
cell must agree with the realized majority (with both cells licensed at a randomized
tie); under top-K majority, the displayed set must be the rule-eligible prevalence-ranked
dimensions and each reported cell must agree with its realized within-dimension majority.
A kernel belongs to the admissible class Q%, where the superscript T denotes truthful
compression, when it has finite output and satisfies

Q@|&2)20, > Q@l|&2)=1,  Qpw|&2)>0=wely&,2). 28

The first two restrictions make Qg a probability distribution and the third is the formal no-
fabrication condition: the mechanism can randomize only over messages that the realized
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corpus licenses. It also contains no information beyond that corpus: 6 — (&€,z) — w is
a Markov chain. Thus, once (&, z) is held fixed, the summary has no separate access to
latent quality. The mechanism is a genuine compression when at least one message pools
two distinct feasible corpora:

Qp(w] &,2)Qp(w | E,2) >0 forsome&E # &' (2.9)

The posterior and Bellman construction require a finite, normalized kernel whose output is
conditionally generated from the corpus; the support restriction encodes honest reporting.
Equation (2.9) is what makes the information layer economically a summary instead of a
revelation of the entire source corpus.

The kernel separates the two choices that are trivial in one dimension but distinct
in many dimensions. A selection kernel L4(S | R, M, z) chooses at most K displayed
dimensions, and a displayed-content kernel g4(as | S, R, M, z) compresses the evidence
attached to them:

Qp(S,as | R,M,z) =L4(S | R, M, z)q¢(as | S,R, M, z). (2.10)

dimension selection  content compression

Table 1: Search and Experience Components in the Within-Product Problem

Layer Object in the model Interpretation

Search-good attributes x'p—aP Observed from the listing before
verification; not learned from
reviews.

Latent experience quality ;7464 Payoff-relevant experience quality;
D =1 gives the scalar benchmark.

Finite evidence corpus & The N reviews or signals,

compressed for free and individually
inspectable at a cost.

Free compression Qyp(w| &,2) The known selection and
content-compression rule mapping
the realized corpus into at most K
cells.

Review-signal technology  p or pg Oriented signal precision, scalar or
dimension-specific; its measurement
is deferred to the companion
empirical framework.

Display status has no intrinsic quality meaning; its informational content is induced by
the selection kernel. Under top-K prevalence and (2.6), selection updates topic frequency
and future arrival, whereas displayed content updates quality. Sign-based selection or
quality-correlated coverage can relax this separation and is nested in the general kernel.
For a USB-C hub, S might contain compatibility and charging speed, while ag reports

10
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tavorable, unfavorable, or mixed evidence and possibly the associated review counts.
No componentwise factorization is required. When it does hold, g¢ = []4es 94,4, €ach
displayed cell is formed from the corresponding column of R; a folded cell instead uses a
known group of columns. In the scalar model, D = K = 1and Z({1} | R, M, z) =1, so
the only design choice is how the N raw signs are compressed into one finite cell. Binary
majority is the benchmark instance. In the multidimensional model, both objects must
be specified: top-K prevalence is the benchmark selection kernel and componentwise
majority is the benchmark content kernel. Specifying within-dimension aggregation alone
is therefore sufficient in the scalar benchmark but incomplete in the multidimensional
model: without the selection kernel, the consumer cannot interpret why a dimension was
omitted or form the likelihood of the displayed set.

The consumer knows Q, observes z and w, but does not initially see the corpus.
A deterministic rule and randomized tie-breaking are both nested in (2.7). Exogeneity
means that the platform does not choose ¢ inside the consumer’s verification problem;
the upstream design interpretation chooses among kernels in Q}; while anticipating the
demand response characterized here.

In both the scalar and multidimensional cases the economic question is the same: after
seeing w, when is another costly evidence unit worth opening? A USB-C hub illustrates
the distinction. The listing reveals the price and number of ports; reviews reveal whether
charging slows when several devices are connected. The summary compresses those
experiences into a few displayed claims, while the underlying reviews remain available at
a reading cost.

Normalize immediate exit to zero. The outside of the within-product problem is
summarized by M € R, the expected continuation value of the best alternative product
before any additional inspection of the current product. Thus the effective outside stopping
payoff is max{0, M}. This paper conditions on M and solves the within-product verification
problem. The companion numerical paper endogenizes this alternative-product value
through across-product search.

Maintained interpretation: honest pool, honest compression. The maintained assump-
tion here is that this first stage leaves an authentic pool of quality signals?. Thus every
scalar or dimension-level sign is interpreted as a genuine experience report, this is to say
that the review leaving consumers have no reason to strategically mis-report their true
experience with the product. The scalar precision p and dimension-specific precision p,y
measure honest experiential agreement with true quality, not platform trust. The restriction
p, pa € (1/2,1) keeps signals informative; the residual 1 — p is idiosyncratic experience, taste
heterogeneity, or lemon-unit variation among honest reviewers. A mixed or disagreeing
summary cell is therefore interpreted as truthful reporting of genuine disagreement, not

2For example, Amazon'’s public description of its reviews system separates authenticity screening from Al
summarization: the platform screens for fake reviews and then summarizes common themes and sentiment
among eligible reviews.See Amazon’s discussion of trustworthy reviews at https://trustworthyshopping.
aboutamazon.com/focus/trustworthy-reviews.
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as evidence that the pool is fake or unreliable.® The benchmark additionally treats the
eligible review pool as representative of the modeled experience distribution: conditional
on latent quality and, in the multidimensional model, realized coverage, selection into
the eligible pool does not further tilt the positive-negative sign distribution. Authenticity
and representativeness are distinct maintained assumptions. This honest pool feeds an
honest compression: the summary may select dimensions and apply sentiment thresholds,
but it does not fabricate evidence. The welfare question is therefore whether truthful
compression preserves decision-relevant content, not whether the platform lies. Any loss
from omitted dimensions or folded cells is a structural limit of finite summarization.

Deferred margins: endogenous authenticity and reviewing selection. Three margins
are deferred, and would be natural possible extensions of the current model. First, one
could model the authenticity filter explicitly as a map from the submitted corpus to an
eligible corpus. Second, one could endogenize who chooses to review: verified purchase
establishes an authentic transaction, not a representative posting decision. Third, one
could solve the platform’s upstream choice among truthful finite-capacity kernels for a
specified platform or welfare objective. This paper fixes the realized mechanism inside the
consumer problem and isolates its demand-side consequences.

Decision maker and known primitives. The consumer is assumed to be a Bayesian
expected-utility maximizer. She knows her own taste weights, the relevant quality prior,
the review-pool size, signal precisions, inspection-cost schedule, and summary rule; in the
multidimensional model she also knows the coverage prior G, the distribution over which
dimensions the reviews discuss. There is no separate discount factor within the finite
verification episode: delay and cognitive effort are summarized by the inspection-cost
schedule.

2.2 What the consumer sees and chooses

Let + denote the number of evidence signal vectors already inspected.*. The marginal cost
of inspection t + 1 is

Nt +1) = kW + AWt , V>0, AW>0 (211
—— ——
first-inspection cost ~ cost growth after ¢ inspections

where x" is the cost of opening the first evidence unit and A" is the incremental cost

growth across successive inspections.

SEmpirically, these precision objects can be proxied by dispersion in verified reviews, ratings, returns, and
category-level agreement.
4The superscript W marks a within-product inspection cost (made explicit to remind the context )

12
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The consumers within product exploration proccess is modelled as follows:

1. The consumer arrives with prior vector ug = (1,0, - .., p,0), Where g0 =P(0; =1 |
x, P, z), and outside value M. In the scalar benchmark D = 1, so the prior is the scalar

Ho.

2. Ifin the Al information environment, she observes a free> summary output of the finite
review pool. In the scalar benchmark this output is denoted 4; in the multidimensional
core it is w. In the no-summary benchmark, no such summary is shown.

3. She either stops, taking the best of exit, the current product, and the outside opportunity,
or pays ¢"V(t + 1) to inspect evidence unit ¢ + 1.

4. After each inspection, she updates beliefs about quality and about the unopened
corpus, then repeats the same stop-or-verify decision until the finite pool is exhausted.

Inspection is passive and without replacement. Conditional on the realized finite pool,
each inspection selects uniformly from the unopened signals or reviews, and inspection
order is independent of their realized contents. The consumer therefore cannot target a
favorable review or a particular topic before paying the inspection cost. Thus the state
variable is information about one product, and the outside opportunity enters only through
M. The Online Appendix collects a compact table of maintained assumptions and deferred
margins.

One verification problem for any known compression rule. After t inspections, let h;
denote the ordered history of evidence units the consumer has actually opened, with
ho = 0. Let €(h;) be the set of full corpora whose opened components agree with that
observed history. The consumer has not observed which member of € (/) is the realized
corpus. She therefore integrates over all of them. For latent state 0, the probability of
observing both summary w and history #; is the rule-specific integrated likelihood

Liwh)= ) BE|6,2) Quwl&2) (212)
&ew(hy) ~ —_—
corpus probability summary compatibility

where dependence of the left-hand side on the observed public variables z is suppressed
to lighten notation. The sum is what makes updating compression-consistent: every
candidate hidden corpus must fit the reviews already opened and must also be capable of
generating the summary already seen.

Because 0 has finite support, Bayes’ rule gives the common posterior. Using 9 to index
candidate latent-state vectors in {0, 1},

P(O | x, P,z) L§(w, )
Sseqoy0 PO | x,P,2) L (w, )

Sfree in the sense that there is not a decision altering search cost related to consuming the summary.

PO | w, h,x,P,z) = (2.13)

13
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In the specializations below, conditioning on z is suppressed whenever those public
variables affect the compression rule but not the quality prior. Let s; = (w, h¢) denote the
consumer’s information state and let u; = (u1, ..., up,+) collect the posteriors implied by
(2.13). Using (2.2), the value of stopping is

S(St; 7/) = max 0 s M s 6(!’”/ V) . (214)

~—— =

exit  best alternative . rent product

Finally, let X;,1 denote the full content of the next passively sampled unopened evidence
unit and let s;41(X¢+1) be the updated information state. Let V(s;) be the consumer’s
maximal expected payoff from state s;. The common finite-state Bellman problem is

V(st) = max{ S(s;y), =" (£ + 1) + B[V (s141(Xes1)) | 5] ¢ (2.15)
~——
stop now inspect once, then continue optimally

The specializations below change what the summary reveals and therefore what the
consumer expects to learn from another review. They do not change her choice: at every
history she compares the value of acting now with the value of paying once more to inspect
evidence from the same pool.

3 Scalar Benchmark: Learning from a Shared Pool

The scalar benchmark is deliberately narrow. All review signals concern one latent
experience dimension, such as whether a battery is reliable or whether a USB-C hub
maintains charging speed under load. Its role is to deliver closed forms and decision-
margin mechanics. It shows exactly how a truthful summary moves beliefs, how the
presence of consistency changes learning, when one more review can change the stopping
action, and why scalar majority summaries become nearly decisive in large evidence pools.
The core multidimensional model then studies the economically richer case in which finite
summary slots omit or fold dimensions that some consumers still care about.

The scalar benchmark sets D = K = 1 and universal coverage 1,1 = 1 in the common
environment. Write the state, taste weight, posterior, and precision as 0, y, u, and p,
with prior o =P(60 =1 | x,P) € (0,1) and y > 0. Expected product utility is therefore
o(u) = x’B — aP + yu. I use m for the number of inspected scalar signals, replacing the
common history index ¢; all payoff, cost, sampling, and outside-value primitives remain
those in Section 2. The scalar form of (2.5) is

Prr=110=1)=P(rx=0|0=0)=p, p€(1/2,1). (3.1)

14



SEARCH IN THE Al AGE DHEER AvasHIA

Thus the common corpus reduces to R = {ry,...,rn}, with conditionally i.i.d. binary
signs ex ante and passive sampling without replacement after realization. A positive sign
is high-quality-indicating and a negative sign is low-quality-indicating.

3.1 A free majority summary

Under (2.10), scalar selection is trivial: the sole dimension is always displayed. The
sentiment kernel must compress the N-signal pool into one finite cell. For concreteness, the
benchmark cell a2 € {0, 1} is generated by randomized majority with neutral tie-breaking.
Majority is applied to the oriented binary signals defined above. If the underlying
signals were systematically misoriented and the platform aggregated them without
correcting orientation, majority rule would amplify that mistake; that non-benchmark case
is excluded by the maintained assumption of known signal orientation. Let Y = 22]:1 Tk,
let iy = 1{N is even}, and let 7 € [0, 1] denote the probability that an exact tie is reported
as favorable. The benchmark fixes 7 = 1/2. The summary rule is the known kernel

1, Y>N/2,
Pa=1|Y)=47, (n=1andY =N/2, (3.2)
0, Y<N/2.

Under the assumptions used here—conditionally independent binary signals of equal
precision, known orientation, and symmetric binary classification objectives—neutral
majority is the canonical aggregation rule; richer environments with heterogeneous signal
quality would instead imply weighted or threshold-shifted rules (Nitzan and Paroush,
1982). The summary should therefore be interpreted as a neutral, exogenous, costless
aggregation of human signals that the consumer could otherwise process only by reading
dispersed content.

However, what is not exogenous is the overview’s informativeness, which is implied by
the precision of the underlying human signals and the aggregation rule. Under majority
aggregation, the induced overview precision is

TPp(Y =N/2), N even,

3.3
0, N odd, (3.3)

Cp)=Pla=0]0)=P,(Y >N/2) + {

where P, means that each raw signal is correct with probability p. Under neutral tie-
breaking, the majority rule is symmetric,soP(a =160 =1)=P@a=0| 6 =0) = C(p). The
odd-N case is the special case in which the tie mass is absent. For N > 3, the induced
overview precision exceeds p whenever p > 1/2; for N = 2 neutral majority has the
same precision as one raw signal. Given the assumption that the senders of the message
(reviewers) have no strategic incentive, this is the standard Condorcet jury theorem logic
(Austen-Smith and Banks, 1996; Boland, 1989). The consumer is assumed to know the
aggregation rule and therefore knows the true overview precision. The model also assumes
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that the consumer knows the size of the summarized signal set, N, and that later inspection
unpacks that set.” A step-by-step derivation appears in Online Appendix C.2.2. Because ((p) is
increasing in p and nondecreasing in N under neutral majority, changes in the precision
or abundance of underlying signals change the informativeness of the free overview and
therefore the incentive for costly verification. The resulting comparative statics are central to
the paper’s analysis of when Al substitutes for within-option search. Online Appendix C.1
records the arbitrary-t version; all main-text scalar objects below use the neutral benchmark
7 = 1/2. The rest of the scalar section retains this rule because it turns the integrated
likelihood into binomial tails; Online Appendix C.4 gives the ternary threshold-band and
general finite-kernel versions.

3.2 How the summary changes subsequent learning

The payoff of this construction is Theorem 1: once the free summary and opened reviews
share a finite pool, raw-review updates acquire a distinctive attenuation-and- depletion
pattern.

The summary changes more than the consumer’s initial belief. Because it was computed
from the same finite pool she may later inspect, it also changes what she expects the next
review to say. The no-summary environment provides the comparison ruler: there the
consumer learns only from costly raw signals. With AI, she must condition jointly on the
free summary and on every review opened afterward. In both environments, observables
enter through the prior po = P(6 = 1| x, P), while the signal likelihood depends only on 6.

No-summary comparison. The matched counterfactual removes the free message and lets
the consumer learn only by opening raw signals. It isolates the difference between ordinary
Bayesian learning and learning from evidence already compressed into the summary.
Online Appendices C.3.1, C.3.3, and C.3.4 give its posterior, predictive distribution, and
dynamic recursion step by step.

3.2.1 Compression-consistent beliefs

Learning in the Al environment tracks both the overview outcome and what fraction of
the underlying evidence has already been unpacked. The key object is the probability that
the unseen part of the pool can still produce the summary already observed. Let

o1
2

®In e-commerce settings, this corresponds to the review count displayed on product pages, which is
visible on most major platforms. The consumer can therefore observe the size of the evidence pool being
summarized before deciding whether to unpack it.

Relaxing known precision by allowing consumers to hold priors over { would introduce an additional
learning problem, because the overview would then update beliefs not only about quality but also about the
information environment itself.
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be the neutral tie-breaking probability, and let m denote the number of inspected signals
so far, with y of them positive (high-quality-indicating). For a € {0,1} and p € (0,1),° let
B ~ Bin(N — m, p) and define

PB>N/2-y) +intB(B=N/2-y), a=1,
strict favorable-majority favorable tie mass
completions

Hg(m,y;p) = 4 (3.4)

PB<N/2-y) +in(1-7)P(B=N/2-y), a=0.

strict unfavorable-majority unfavorable tie mass
completions

The equality event has probability zero when N is odd, so the odd-N model is nested without
any separate case. The two cells partition the signal pool: Hf (m,y;p)+ Hg (m,y;p) =1.
The binomial recursion

Hy(m,y;p) =pH,(m +1,y+1;p) + (1 - p)H;(m +1,y;p)

also holds, because Hj is the conditional expectation of the known summary kernel after
the partial inspection history. Histories with zero total likelihood under both latent states
are impossible and excluded from the reachable state space. Economically, H; (m, y; p) is
the discipline that the displayed summary imposes on future evidence. After observing
overview a and partial inspection history (m, y), it measures how likely the remaining
uninspected signals are to complete the finite signal pool in a way that still agrees with the
overview. At entry, the same object nests the overview precision:

H{(0,0;p) =C(p),  Hy(0,0;p) =1-C(p).

I keep the superscript H® in the scalar body even though all main-text results use the
neutral benchmark 7 = 1/2, so that the parity convention remains visible in every posterior
object.

Definition 1 (Reachable AT histories). A within-product Al history (a, m, y) is reachable if
a€{0,1},0<y<m< N,and

H;(m,y;p) >0 or H;(m,y;1-p) > 0.

Equivalently, reachable histories are exactly those for which the overview realization
and the inspected signal counts can arise with positive probability under at least one
latent-quality state.

8Here p is only a generic Bernoulli success-probability argument used to write the binomial-consistency
term compactly. In the actual model, the primitive raw-signal precision is p, so the relevant evaluations are
p=punder® =1landp =1- punder 0 =0.

17



SEARCH IN THE Al AGE DHEER AvasHIA

The likelihood of overview outcome a and inspection state (1, y) under 6 = 1is

m - T

Li(a,m,y) = ( )py(l—p)’” Y Hy(m,y;p) , (3.5)
y ~———

summary consistency

opened-signal likelihood

while under 6 = 0 it is

Lo(a,m,y) = (7;)(1 —p)p"Y Hy(m,y;1-p) . (3.6)

summary consistency

opened-signal likelihood
Hence the exact posterior is, for every history (a, m, y) with positive probability,

toLa(a, m,y)
—_———
prior weight times likelihood under high quality

(uOLl(a/ m, y) + (1 - [J())Lo(ﬂ, m, y)

wM(a,m,y) = (3.7)

total likelihood of the overview and inspection history

The posterior after seeing only the overview is the special case i*/(a, 0, 0). In computation,
the Bellman problem need only be evaluated on reachable histories. A step-by-step derivation
appears in Online Appendix C.3.2.

To characterize continuation, define the probability that the next inspected signal is
favorable conditional on state (a, m, y) and latent precision p:

HI(m+1,y+1;p)

Yalm, y;p) = p (3.8)
” SN—— H{;f (m’ yp )
raw positive
chance pool-consistency
correction

This ratio is defined whenever H} (m, y;p) > 0; the derivation follows from conditional
exchangeability of the underlying signals given 6.° Intuitively, ,(m, y;p) is the next-
signal analogue of H: it is the probability that the next inspected signal is positive after
conditioning on the fact that the remaining signal pool must still be compatible with the
already observed overview. The unconditional probability that the next inspected signal is

Conditioning on the overview outcome and on y positives among m inspected signals, every remaining
signal position is symmetric, so the probability that the (m + 1)-th inspected signal is favorable equals
the probability that one designated remaining signal is positive times the probability that the residual
uninspected set of N —m —1 signals remains consistent with the overview realizing ata. If H} (m, y; p) = 0, the
latent state associated with that value of p has zero posterior probability at the history, so the corresponding
conditional ratio is payoff irrelevant. Equation (3.10) below gives the unconditional transition probability in
a form that is defined on every reachable history.
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favorable is therefore

e, y) = By am,yip) (1= EV @, m ) |ya(m, vl = p). (39)

next signal favorable if quality is high

next signal favorable if quality is low

Equivalently, and without any division by a zero consistency probability, the same transition
probability can be written directly as

top? (1= p)"VpHz(m +1,y +1;p)
+ (1= po)1=p)p" V(1 -p)Hy(m+1,y +1;1-p)

nt(a,m,y) = . (3.10
) S g = PV H G,y ) + (0 )0~ P g, i1 =)
A step-by-step derivation of (3.8) and (3.9) appears in Online Appendix C.3.3.
3.3 The consumer’s scalar verification problem
Conditional on a posterior i, the stopping payoff is
S(u; M) = max{0, 6(u), M}. (3.11)

The consumer now has all the information needed to choose. She can take the current
product, leave for the outside option, or pay to reveal one more signal from the constrained
residual pool. The main dynamic object in this paper is the post-summary Bellman problem.
The no-summary recursion is the analogous benchmark obtained by replacing p4! and 7"
with i and 7*; it is stated in Online Appendix C.3.4 because it serves only as a comparison
object here and becomes central in the companion numerical across-option paper.

In the Al environment, let W(a, m, y; M) be the value after summary realization a, m
inspected signals, and y positives. The terminal condition is

W(a,N,y; M) = S(p*'(a, N, y); M). (3.12)

Form < N,
W(a, m,y; M) = max{S(u*(a, m,y); M), K(a,m, y; M)}, (3.13)

where _
K(a,m,y;, M) = —cw(m +1)

+7nt(a,m,y)W(a,m+1,y+1; M) (3.14)
+(1—nt(a,m,y)W(a,m+1,y;M).

Define the gross value of one additional signal at state (a, m, ) as

Aa,m,y; M) = K(a,m,y; M) + " (m +1) - S(@(a, m, y); M). (3.15)
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The corresponding ex ante post-entry Al value is

VAM) = ) Ba)W(a,0,0; M),
ae{0,1}

while the no-summary value is VN(M) = W(O, 0; M), with W defined in Online Ap-
pendix C.3.4. The consumer continues within-product verification if and only if

V(m+1) < Aa, m,y; M). (3.16)

4 What Shared-Pool Compression Does

4.1 Shared-pool learning and attenuation

The first scalar result is not a stopping theorem. It isolates what is distinctive about the
information structure itself. If the summary were merely an independent signal, later raw
reviews would receive their usual Bayesian weight. Compression consistency changes that
updating because the summary and the opened reviews are draws from the same finite
pool.

The comparison benchmark is an independent-summary environment: the consumer
observes a favorable or unfavorable summary signal that is statistically separate from
the raw reviews she may later inspect. The next theorem places that benchmark and the
shared-pool model in one statement.

Theorem 1 (Shared-pool attenuation and independent-summary separation). Fix N > 1,
p € (1/2,1), and neutral majority aggregation. Let C(p) be the resulting summary accuracy
and define A = log[p/(1 - p)] > 0.

(i) (Matched independent-summary benchmark.) Suppose
Pa=1]10=1)=Pa=0]|60=0)=Cp)

and, conditional on 0, a is independent of subsequently opened raw signals. After m
inspections and y positives, log posterior odds are

C(p)
1-C(p)

Thus every next raw realization x € {0,1} changes log odds by exactly (2x — 1)A”.
Moreover, the summary is never spent: its log-odds contribution remains (2a —
1)1log[C(p)/(1 = C(p))] after every raw history.

0
1 - o

t'(a,m,y) = log +(2a —1)log + 2y — m)AP. (4.1)

(ii) (Shared-pool attenuation.) In the compression-consistent model, consider a favorable
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summary 4 = 1 and reachable history (1, m, y). Write

A1, m, y)
- ﬁAI(ll n, y) .

n=N-m, s=|N/2]+1-y, ﬁc(l,m,y):log1

At a strict-interior history, 1 < s < n — 1, every next raw update is strictly attenuated
relative to part (i): for each x € {0, 1},

0<@x—1)[e(L,m+1,y+x)—€(1,m,y)] <A (4.2)
In particular, a summary-disconfirming negative review satisfies
AP <C1,m+1,y)-£°(1,m,y) < 0. (4.3)

The same inequality holds after an unfavorable summary whens™ = [ N /2] +1—(m—y)
satisfies 1 < s~ < n — 1. In particular, a summary-disconfirming review has the correct
sign but strictly less absolute log-likelihood weight than in the matched independent-
summary benchmark. Disconfirmation is emphasized because it is behaviorally salient,
not because confirmation follows a different mechanism.

(iii) (Depletion.) Once opened signals alone strictly imply the summary cell, the residual
consistency term is spent. If = 1 and y > N/2, then

Ho
1—‘L10

c1,m,y) = log + 2y —m)AP,
and the analogous identity holds when 2 = 0 and m — y > N /2. For even N, the
tie-adjacent history is not yet fully spent:

Hi(m,N/2;p) =1~ (1-0)(1-p)V ™" <1

whenever m < N. The strict attenuation claim is therefore confined to the interior
histories in part (ii); the boundary can be mechanically constrained by summary
consistency or by final tie resolution.

Proof in Online Appendix C.6.

Why attenuation occurs. Independence makes the benchmark summary likelihood
ratio a fixed additive term, so every raw signal receives its full weight forever. In the
shared-pool model, the posterior also contains the likelihood that the hidden residual
pool can rationalize the observed summary. A weighted-binomial-tail likelihood-ratio
inequality shows that this conditioning attenuates both raw realizations at strict-interior
histories. Once the opened history itself implies the summary, the residual likelihood
equals one under both quality states and disappears.

The theorem is the observable fingerprint of using the same finite pool for compression
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Figure 2: Scalar economics. Panel (a) shows why review opening is valuable only when
successor beliefs cross the stopping margin: the gross value is the Jensen gap of the kinked
stopping payoff. Panel (b) distinguishes compression of the same finite pool from an
independent public signal. Pool consistency attenuates raw-review updates at interior
histories; ordinary Bayesian weight returns once the summary constraint is spent.

and later verification. A contradictory review changes beliefs about quality and about what
must remain hidden, while an independent public signal has no such path dependence.

Remark 1 (Remaining summary content). Let g = 1 — p and define the remaining summary
content at any nondegenerate Al history by

Hy(m,y;p)

: 4.4
Hi(m,y;q) @4

Ga(m,y) = log

The compression-consistent log odds can be written as

Ko
1—po

€C(a,m,y) = log +Qy —m)AP + G,(m, y).

Thus, after opening a raw signal x € {0, 1}, the log-odds revision is
“(a,m+1, y+x)— t“(a, m, Y=Rx-DAP+G,(m+1,y +x)—Ga(m, y). (4.5)

The first term is the ordinary raw-signal update; the second is the depletion or reinforcement
of the summary’s remaining informational content. When opened signals alone imply the
displayed summary cell, G, = 0, so the summary is spent and later signals receive their
ordinary Bayesian weight.

4.2 When does verification begin?

The Bellman problem answers whether the consumer continues, but its recursive solution
does not by itself reveal the economics of starting to read. The tractable first question is
therefore whether opening one review and then acting beats acting immediately. This
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teasible deviation preserves the central tradeoff between free compression and costly
verification, delivers an exact initiation cutoff for the one-step problem, and provides a
sufficient trigger for the unrestricted finite-horizon problem.

Throughout the analytical results, the outside value M is fixed. This is the key framing
choice of the theory paper. The consumer is not solving the across-product search tree
here; she is deciding whether the product-level summary is enough, or whether it is worth
paying to inspect the underlying reviews of this product. The three stopping actions
are exit with payoff 0, choose the current product with payoff 6(u), or take the outside
opportunity with payoff M.

This special case has a reservation-value flavor similar to Weitzman-style sequential
search (Weitzman, 1979), but it is not the canonical Weitzman problem. Here, the consumer
already sits inside one product’s information problem: the free summary is a compression
of a finite review pool, and the remaining choice is whether to unpack more of that same
pool.

Belief updating remains available in closed form at every reachable history: for any
(a, m,y), the posterior it (a, m, y)is given by (3.7), where the H-function is a finite binomial
tail plus the tie point mass when N is even. What does not remain closed form once
multiple inspections are allowed is the recursively optimal continuation value. The one-
step restriction removes that continuation recursion while preserving the post-summary
comparison between compression and verification.

The primitive object is therefore the post-summary verification cutoff. A higher p makes
the overview more informative, pushing the posterior toward an extreme and reducing
the value of further search. But it also makes each additional underlying signal more
informative if inspected. Those forces work in opposite directions, so the tractable object is
the within-product initiation threshold.

Proposition 1 (One-step verification under finite-pool compression). Consider a single-
product within problem with constant outside option M, finite N > 1, neutral majority-rule
aggregation, and at most one post-summary inspection at marginal cost x". Fix overview
realization a € {0, 1} and define

‘ua — ﬁAI(aI 0/ 0), Hll+ — ﬁAI(ﬁl, 1’ 1)’ ‘ua— — ﬁAI(ﬂl, 1’ O)/

and
" =7 (a,0,0).

Let the current stopping payoff at posterior u be
S(u; M) = max{0, 6(u), M}. (4.6)

(i) Primitive cutoff. The primitive gross value of one post-summary inspection is

T%(M) = m*S(u*; M) + (1 = n")S(u"~"; M) - S(u"; M) : (4.7)
————
expected payoff after one review payoff from stopping now
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(ii)

(iii)

Verification is optimal after overview realization 4 if and only if

KV < 7M. (4.8)

Decision-margin representation. Define

C(M) - (X8 — aP)

C(M) = max{0, M}, b(M) = y 4.9)
Then, for every posterior u € [0, 1],
S(u; M) = C(M) + y(u—b(M)),. (4.10)
Moreover, posterior beliefs satisfy the one-step martingale identity
p=ntutt (1 -t (4.11)

Hence the primitive one-step verification value can be written as the Jensen gap of the
kinked stopping payoft:

TM) = y[r*(u™ = b(M)), + (1 - ") (1" - b(M)), — (u* —b(M)),] 0. (4.12)

If0 < 7 < 1land u*~ < u, then 7%(M) > 0 if and only if the stopping margin lies
strictly between the two possible next posteriors:

p' < b(M) < pt. (4.13)

If the stopping margin is weakly outside this interval, one-step verification has zero
gross value.

Finite-N precision representation. For the favorable overview a =1, let g = 1 — p, write
Hi(m,y;p) = Hll/z(m, y;p), and define

Dn(p) = poH1(0,0; p) + (1 — po)H1(0, 0; ).
For the two possible next raw signals, define the joint likelihood components
LY = uopHh(1,1p), Ly =(1-po)gHi(1,1;9),
LY = pogHi(1,0;p),  LL = (1 - po)pHi(1,0;9).
Then the belief-unit value of one post-summary inspection is the primitive function
|LY - (L2 + LY)], + |[LP - b(LH + LL)], - [L + LH — bDn(p)]
Dn(p)

+

CDN(P} b, (uO) =
(4.14)
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Consequently,

W
one-step verification aftera =1 = K7 < ON(p; B(M), po). (4.15)

For fixed N, b, and x"/ y, the precision values at which the weak reading region can
begin or end are roots of
DN (p;b, o) =" [y,

holding the prior ug fixed. Since Hj is a finite binomial tail with the neutral tie
correction, this is an exact finite root problem in p, piecewise over the kink regions
in (4.14). The unfavorable-overview formula is obtained analogously by replacing H;
with Hy.

Proof in Online Appendix C.6.

Proposition 1 is the scalar workhorse. Part (i) is the abstract value-of-information cutoff;
part (ii) shows that the cutoff is only positive when the next raw signal can move beliefs
across the stopping margin; part (iii) substitutes the majority-rule likelihoods and turns
the same cutoff into a primitive precision-domain equation. This last representation is
the scalar bridge to empirical work: if N, p, and b are known or estimated, the cutoff is
computable. It also makes the nonmonotone force explicit: increasing p makes the free
summary more decisive, but also makes an opened review more informative.

Two forces of precision. Under majority aggregation, higher p raises both the raw-signal
log-likelihood ratio and the induced precision of the free overview. At low precision,
neither information source can move the decision. At intermediate precision, an opened
review can become decision-changing while the overview remains incomplete. At high
precision, the overview itself becomes decisive. The resulting reading region need not
therefore be monotone in the quality of the underlying evidence.

Corollary 1 (Nonmonotone verification in summary informativeness). There exist primi-
tives in the scalar majority benchmark and a summary realization a with positive probability
such that, as signal precision p rises from 1/2 toward 1, one-step verification after the
summary is first not optimal, then strictly optimal for an intermediate range of precisions,
and finally not optimal again for all sufficiently high precisions.

Proof in Online Appendix C.6.

The claim is deliberately one of possibility not one of global single-peakedness. Equation
(4.15) identifies the entry and exit points as roots of the same finite-pool object whenever
its interior value exceeds normalized cost; it does not impose that the reading set must
contain only one connected interval. Economically, the result isolates a shared-source
precision tradeoff that is absent when the free and costly signals are independent: better
underlying evidence strengthens the source that can be opened, but also strengthens the
compression that may make opening unnecessary.
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Relation to unrestricted dynamics. The connection to unrestricted dynamics is immediate
but asymmetric. Because opening once and stopping is feasible, ®n (p; b(M), uo) = k" /y
is a sufficient trigger for dynamic verification to start. The terminal-support condition in
Online Appendix Theorem 2 supplies the complementary region in which no dynamic
inspection plan can pay.

Online Appendix Corollary 8 records the corresponding one-step inequalities and
scale normalization. Online Appendix Corollary 10 identifies the states on which the
one-step cutoff is exact for unrestricted dynamics, while Online Appendix Theorem 2
and Corollary 2 derive the exact terminal posterior interval and the dynamic sandwich
ctcc™c B8R

The same geometry overturns the claim that free summaries must reduce review reading.
A summary can move a consumer whose prior is safely on one side of the stopping margin
into a state whose next-review posteriors straddle that margin. It then creates verification
that would not occur in the corresponding one-step no-summary problem. The exact
conditions are stated and proved in Online Appendix Proposition 3. In the unrestricted
problem, the post-summary straddle remains a sufficient trigger; ruling out no-summary
verification requires the stronger condition that the margin lie outside the full no-summary
terminal-belief interval. Thus the prediction is not “Al always substitutes for reading,” but
that Al reallocates reading toward realizations that place the decision at risk.

The equivalent tent formula and decision-margin figure are in Online Appendix

Corollary 3: inspection value peaks at the stopping margin and is zero when both
next beliefs lie on the same side. The appendix also gives a strict-inclusion example,
post-summary action regions, the N = 3 formulas, and the complementary fixed-N,
high-precision limit.
Corollary 2 (Large evidence pools eliminate scalar verification). Fix p € (1/2,1), yo €
(0,1), and binary majority aggregation, with any fixed tie-breaking rule when N is even.
Let the post-summary inspection horizon m be finite and fixed independently of N,
and suppose the marginal inspection cost is bounded below by ¢ > 0 for the first m
possible inspections. Then, as N — oo, the gross improvement from any continuation plan
using at most 1 inspections converges to zero after both binary summary realizations,
uniformly over feasible outside-option beliefs. Hence there is N* such that for every
N > N*, immediate stopping is optimal at the post-summary entry state for all feasible
outside-option beliefs.

Proof in Online Appendix C.6.

Corollary 2 gives the empirically relevant large-pool version of the substitution logic.
With many scalar signals summarized by a binary majority overview, the summary
is nearly decisive, and a small number of later raw reviews moves the posterior by a
vanishing amount. Thus a scalar Amazon-scale product with N near one hundred should
exhibit essentially zero post-summary scalar verification. Persistent review reading after a
large-pool summary is therefore not explained by residual scalar uncertainty in this limit;
within the model, it points to the finite-slot multidimensional mechanisms below: omitted
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attributes, folded aspects, heterogeneous tastes, or residual topic arrival.'?

Online Appendix Corollary 1 records a useful interface null: if a displayed singleton
aspect reveals its exact favorable count from the same exchangeable pool, passively opening
a constituent sign has zero residual scalar value. The conclusion does not apply to
rounded counts or to the allocation of signs within a folded aspect. The null sharpens the
multidimensional interpretation: post-summary reading must be supported by information
that exact scalar counts do not already reveal.

The benchmark shows that scalar uncertainty cannot sustain post-summary reading at
scale; the core model carries the same verification logic into the finite-slot environment
where omitted and folded dimensions can.

5 Core Multidimensional Model

The scalar benchmark treats latent quality as a single object and establishes the decision-
margin logic. The core model studies the case in which product quality is multi-attribute,
consumers care unevenly across attributes, reviews are sparse across those attributes, and
the Al summary is itself lower-dimensional. The key change is simple: the summary no
longer compresses all of the evidence. It compresses only the dimensions that receive
tinite display slots, leaving the rest to costly inspection. The parameter K should be
read as a display capacity: a platform may show at most six chips, for example, even
when review text contains many more economically meaningful dimensions. The model
therefore concerns which dimensions enter the displayed set, not the order in which those
dimensions are arranged on the page.

That formulation is closer to how many summaries are actually consumed. A restaurant
summary highlights food, service, and ambiance but may omit vegan options; a laptop
summary highlights speed, battery, and build quality but may omit left-handed ergonomics;
a USB-C hub summary highlights portability and compatibility but may fold charging
slowdowns under a broad functionality chip. The economically relevant question therefore
becomes: after the consumer has seen the summary, is one more unopened review likely
to teach her something about a dimension she still cares about? To answer that question
precisely, the consumer must update not only beliefs about latent quality, but also beliefs
about what the remaining unopened reviews still contain.

This is not merely the scalar model with more notation. In the scalar model, compression
changes the consumer’s belief about one latent quality state and the feasible signs left in the
finite pool. In the multidimensional model, compression also reallocates attention across
attributes: displayed dimensions become cheap to evaluate, while omitted dimensions
remain costly and may or may not be recoverable from future reviews. The new economic
force is therefore residual topic arrival, not just residual signal precision.

19For three-cell threshold summaries, the same conclusion applies to decisive cells whose endpoint regions
separate the high- and low-quality latent signal shares. With fixed interior share thresholds, a broad mixed
band can instead contain one of the latent shares p or 1 — p, so the mixed cell may not vanish asymptotically.
The large-N corollary is therefore stated for the binary majority benchmark and decisive endpoint cells.
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c, (a) Selection (b) Omission is informative (c) Persistent scarcity
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Figure 3: The finite-slot economic mechanism. Prevalence selection displays or folds only a
subset of dimensions (panel a). Because selection uses the same corpus, nondisplay shifts
the posterior coverage distribution toward lower topic arrival (panel b). As review volume
grows, displayed majority cells become decisive, but a taste-relevant omitted dimension
can retain positive verification value when display capacity remains fixed (panel c).

5.1 Sparse experience information

All payoff, cost, sampling, and sparse-corpus primitives are those defined once in Section 2.
The core model now takes D > 1, sets g0 = P(64 = 1| x,P) € (0,1), and assumes that
latent dimensions are independent under the prior. Unlike the scalar case, coverage is
not universal: the consumer knows G(M) but not the realized matrix M, so an unopened
review may or may not discuss a given dimension. The benchmark factorization in (2.6)
makes quality and coverage independent ex ante; the integrated likelihood below also
accommodates a correlated joint prior. The large-pool results separately state when the
data-generating coverage law must be independent of quality.

5.2 Finite slots: prevalence selection and majority sentiment

The common decomposition in (2.10) requires both a selection rule and a within-cell
sentiment rule. The benchmark fixes K < D, selects at most the K most prevalent
dimensions, and applies neutral majority separately to each selected dimension. For any
coverage matrix M, define the dimension-specific prevalence counts

N
Ca(M) = Z Mpa, d=1,...,D. (5.1)
n=1

Let D*(M) = {d : C4(M) > 0} be the set of dimensions that appear at least once in the
finite pool, and let L(M) = min{K, |D*(M)|}. Define
SKM)c D* (M),  |S*M)| = L(M), (5.2)

to be the set of indices corresponding to the L(M) largest positive values of Cs(M), with
ties broken by a fixed rule known to the consumer. When no confusion arises, I suppress
the dependence on M and write SX. Upon entry, the consumer observes w = (SX, a),
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where the sentiment vector is

a= (ad)dESKI ag € {O/ 1}/ (53)

where 4, is a compressed signal about dimension d. A natural benchmark is that each a, is
the majority-rule overview of the non-missing dimension-d signals:

1, Zn:mnd=1 T'nd > Cd(M)/zr
Pag=1|R,M) =314, Tpm,=17na=Ca(M)/2, deSF, (5.4)

O/ Zn:mndzl 'nd < Cd(M)/zl

where the benchmark fixes the neutral dimension-level tie-breaking probability 74 =
1/2, known to the consumer. Thus every reported summary component has positive
realized prevalence. If the finite pool contains at least K positive-prevalence dimensions,
then |SX(M)| = K; if it contains fewer, the unreported zero-prevalence dimensions are
uninformative null components and are dropped from the effective summary. The
consumer knows the aggregation rule, knows that at most the K most prevalent dimensions
are summarized, and knows that any posterior about the remaining unopened reviews
must be consistent with both of those facts.

Under this neutral componentwise majority benchmark, an exact mixed sentiment
state can arise only through a tie in the non-missing signals for a displayed dimension.
Hence it has positive probability only when C;(M) is even. If C4(M) is odd, majority rule
maps every realized dimension-level signal pool into either a favorable or unfavorable
summary. A platform can still report a mixed category for odd coverage counts, but doing
so corresponds to the wider three-cell threshold rule in Online Appendix C.4.1, not to a
pure majority tie.

This specification is intentionally asymmetric. Displayed dimensions receive free
sentiment summaries; undisplayed dimensions do not. Under the prevalence rule, display
status is informative about how often a dimension is discussed, not directly about whether
its quality is high or low.

For the closed-form analysis, I now specialize the common kernel to top-K prevalence
selection and componentwise majority. These rules make it possible to separate what the
consumer learns about quality from what she learns about topic arrival. These are treated
best as analytical benchmarks. Section 6 returns to general known kernels, recovered
rules, folding, and three-cell sentiment bands after the benchmark mechanisms have been
established.

5.3 What remains to be learned?

After seeing a finite-slot summary, the consumer faces two distinct unknowns. She may
still be uncertain about quality on a dimension, and she may be uncertain whether another
review will discuss that dimension at all. The posterior must track both. Let /; denote
the history after t opened reviews: it records which reviews have been opened and the
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full sparse vectors observed on those reviews. Write w = (S?, a) for the realized summary
output, where S? is the set of dimensions selected for display by rule ¢ and a collects their
reported sentiment cells. In the majority benchmark 8¢ = SX; below, a is shorthand for the
tull observed output whenever its displayed set is clear from context. For any displayed
dimension d € S?, let

pa(a, he) =P(04 =11 a, h) (5.5)

denote the posterior on latent quality dimension d after observing the summary and the
first t opened reviews. At entry write pg40(a) = pao(a,0). An undisplayed dimension
has no compressed sign. Under benchmark top-K selection and prior independence,
P(Os = 1| w) = pgp for d ¢ SX, even though generally G(M | w) # G(M): omission
updates future topic arrival, not quality. Sign-dependent selection or quality-correlated
coverage can add indirect quality content. Formally, the consumer updates jointly over
(0, M) using the integrated likelihood of the observed summary and opened reviews:

IP(61 M | w, htl zZ; (P) & P(Q) G(M) ‘L(P(a)l ht | 6/ M/ Z)I (56)
where

L] 0,M,2)= ) BRIOM)  Qu@|RMz). ()
RER(M;ht)
signal-matrix probability summary compatibility

Here R(M; hy) is the finite set of full sparse signal matrices that are consistent with coverage
matrix M and the opened-review history h;. Equation (5.7) is the multi-dimensional
analogue of the scalar H-function: it integrates over the unobserved signs in the finite
review pool. Equation (5.6) is therefore the precise updating object behind both the
benchmark and the recovered-rule formulation. Under the top-K majority benchmark,
Q¢ imposes prevalence selection and componentwise majority; for a recovered rule it
imposes the estimated joint mapping from the corpus to the displayed set and cells. Online
Appendix D.1 derives (5.6), its factorized special case, and the related updating objects
step by step.

The economic content of this integration is straightforward. The consumer asks which
latent qualities and coverage patterns could have produced both the displayed summary
and the reviews already opened. She then averages over the unseen corpora that remain
possible. This prevents the model from treating an unobserved signal matrix as if the
consumer had seen it.

Marginalizing (5.6) over M gives the quality posterior in (5.5). At history (a, h;), collect
those marginal means in y;. The consumer’s expected product utility is then the common
object 6(u¢; y) in (2.2). All subsequent posterior-predictive objects condition on the realized
output and the rule; those arguments are suppressed to keep the dynamic program
readable.

Inspection technology is passive: opening one more review means drawing one review
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uniformly from the unopened finite pool. Let

T]d,t(a/ ht) = P(mYlHl,d =1 | a, ht)/ (58)

where 71,1 denotes a uniformly chosen unopened review. Because the consumer knows

the summary rule and the finite review count, she can compute this probability from the

joint posterior:

Ca(M) — ca,t
N -t

Na,t(a, hy) = El a, htl , (5.9)

where c; ; is the number of opened reviews up to time ¢ that discussed dimension d. This
is the exact formal version of the intuition that the consumer keeps reading when there
is still a meaningful chance that the next unopened review will speak to an undisplayed
dimension she cares about. The first main multidimensional theorem, Theorem 2 below,
applies this object to top-K selection and shows that omission itself can lower the expected
topic-arrival probability.
Define the exact predictive probability that the next covered signal on dimension 4 is
favorable by
n}lt(a, he) =P(rp,,,a=1|mp,,,a=1,a,h). (5.10)

This is a posterior-predictive object computed from (5.6); it is not generally equal to
paepd + (1 = pa )1 — pg). For a displayed dimension, the summary cell restricts the total
number of favorable signs in the finite pool, so the same scalar H-ratio logic must be used.
The simple expression

tat(a, he)pa + (1= pae(a, he))(1 = pa)

is valid only in the special case in which the event that the next unopened review covers d
is not itself informative about 0 and the summary imposes no additional count restriction
on the unobserved signs of dimension 4.

The unconditional predictive probability that the next unopened review delivers a
favorable signal on dimension d is therefore

+ +
gbd/t(a, ht) = nd,t(a/ ht) ﬂd/t(ll, ht) ’ (511)
— —_———
chance the topic appears  positive-sign chance
conditional on coverage

which is simply the product rule using the exact conditional probability in (5.10). If topic
incidence is itself informative about latent quality, that information is incorporated inside
n;, , through the conditioning event my, , 4 = 1.

Equation (5.11) is the heart of the core model. In the single-dimensional model every
next review is automatically payoff-relevant. Here, continuation depends not only on how
informative a review would be if opened, but also on the posterior probability that the next
unopened review will address a utility-relevant dimension at all. Online Appendix D.1.1
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records the corresponding tractability result: the posterior and Bellman problem are exact
finite-state objects, while sign-invariant componentwise rules admit a binomial-tail or
binomial-interval factorization.

5.4 The decision to continue reading

The consumer does not read simply because uncertainty remains. She reads only when
the chance of encountering a relevant topic, the information carried by that topic, and
its importance for her decision jointly justify the cost. Let the multidimensional state be
st = (a, ht), where a is shorthand for the full output w and h; records the first t opened
sparse reviews. The stopping payoff and within-product Bellman equation are exactly the
common objects in (2.14) and (2.15); only their posterior transition changes.

The continuation expectation in (2.15) is over all sparse next-review realizations
consistent with the posterior in (5.6). That is precisely where the finite-pool logic matters:
after seeing the summary and some opened reviews, the consumer updates not only
latent-quality beliefs but also the probability distribution over what the unopened reviews
still discuss.

Define the exact dynamic gross value of starting within-option search at state s; as

eMP(s1;7) = HV (st4+1) | 8¢] = S(s1;7)- (5.12)

Thus the exact dynamic cutoff is ¢"V(t + 1) < ¢MP(s;;y). For an analytical lower bound,
consider the feasible policy that opens one more review and then stops.

Let X(s¢) denote the finite set of sparse next-review realizations that can arrive at state
s¢, and let s;(x) be the post-review state after realization x € X(s;). The exact primitive
one-step value of opening one more review and then stopping is

IMP(s;y) = HS(st(X1+1);¥) | 1= S(s157), (5.13)

where the expectation is taken under the posterior predictive distribution implied by (5.6).

Online Appendix D.1 gives the dynamic cutoff proof, focal omitted-dimension decom-
position, and one-step inspection inequality. Omission generates verification only when
the omitted information is taste-relevant, still likely to arrive, and capable of changing the
stopping decision.

Coverage and residual learnability. Two scalars organize this economic tradeoff. The

tirst asks how much of what the consumer cares about is already displayed. The second
asks how much taste-relevant content can still arrive in another review.

Definition 2 (Coverage share). For consumer preference vector y and summary display set
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SK define

2, Vi

deSK
———
taste weight on displayed dimensions

Cove(y; K) = 5 € [0,1]. (5.14)
IR
d=1

~——
total taste weight

The coverage share measures how much of the consumer’s preference mass lies on
dimensions explicitly summarized by Al.

Definition 3 (Residual learnability). For consumer preference vector y and history (a, h;),
define
RLy;a,h)= > ya  Naslahe) . (5.15)

N—— ~———
dgSK
taste weight topic-arrival chance

Residual learnability is the preference-weighted posterior probability that one additional
unopened review will speak to an undisplayed dimension. It is the simplest scalar object
capturing the new friction in (5.11). A consumer may care about an undisplayed dimension,
but if the remaining unopened reviews are unlikely to discuss it then the incentive to keep
reading is small; conversely, a dimension can be omitted by the summary yet still sustain
verification if it is both salient to the consumer and sufficiently likely to appear in the
remaining finite review pool.

The next results follow this causal chain. Prevalence selection first changes what
omission means. The remaining topic-arrival beliefs then interact with the consumer’s
tastes and stopping margin to determine whether she reads. Finally, those same forces
determine which dimensions a consumer-oriented summary would place in its scarce slots.

5.5 Self-concealing omission

Return to the USB-C hub. If charging slowdown is absent from a top-K summary, the
consumer learns two things at once: she receives no free sentiment about slowdown, and
she infers that slowdown was discussed less often than the displayed topics. The second
inference can make a future review look less promising even though slowdown remains
important to her. Under the maintained benchmark she does not infer from omission
that charging performance is bad; she infers that evidence about charging performance
is less likely to appear. To isolate that selection effect, the comparison benchmark is an
exogenous-display environment: dimension d is not displayed, but the nondisplay event is
statistically independent of the realized coverage count C;(M). This keeps the absence of
free sentiment information fixed while removing the selection information carried by a
top-K prevalence rule.
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Theorem 2 (Self-concealing omission). Consider the top-K prevalence-selection bench-
mark with fixed, known tie-breaking at the entry history ¢t = 0. Fix a dimension d, and
let

Oq ={d ¢ S*(M)}

be the event that dimension d is omitted from the summary. Suppose the coverage count
Ca(M) is independent of the vector of other coverage counts under G, has nondegenerate
support, and 0 < P(Oy4) < 1. Let

ga(c) =P(Oy4 | Ca(M) = c)

denote the induced omission probability. Assume that g, is not constant on the support of
C4(M). Then top-K selection and the independence of coverage counts imply that g4(c) is
weakly decreasing in c. Bayes’ rule therefore gives, at every support point,

Pro(CaM)=c| Og)  galc)
Prb(Cy(M)=c)  P(Oy)’

(5.16)

which is weakly decreasing and nonconstant in c. Thus the posterior coverage count
conditional on omission is dominated by the unconditional count in the monotone-
likelihood-ratio order:

Ca(M) | O4 =mr Ca(M),

where the displayed ordering uses the convention that the conditional-to- unconditional
probability-mass ratio in (5.16) is decreasing. Consequently,

P(C4(M) = c | O4) < P(Cy(M) = ¢) for every c, (5.17)

with strict inequality for at least one cutoff. More generally, for every weakly increasing
function h,
E[R(Ca(M)) | Oal < E[R(Ca(M))], (5.18)

and the inequality is strict whenever § is strictly increasing on the support. Taking
h(c) = c¢/N yields the original topic-arrival implication:

Blna0] Oa] = - HCA(M) | Oal < 5 HCa(M)]. 5.19)

Thus omission is not merely absence of sentiment information: under a prevalence-based
display rule, omission is itself evidence that the omitted dimension has a uniformly lower
posterior distribution of latent coverage and is less likely to appear in the remaining review
pool.

In the exogenous-display benchmark, nondisplay is independent of coverage, so the
conditional distribution of C4(M) equals its unconditional distribution. Hence (5.18) orders
every omitted-dimension verification gain that is increasing in latent coverage, not only
its mean. In particular, let B; > 0 denote a fixed gross belief-unit gain per unit of taste,
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conditional on the next review covering dimension d. When the focal one-step gain takes
the linear form y,4n,4 0B, top-K omission weakly lowers its conditional expectation relative
to exogenous display, and strictly lowers it if y;B; > 0. Corollary 3 translates this ordering
into an exact inspection-cost interval.

Proof in Online Appendix D.1.

Corollary 3 (One-step search suppression for omitted consumer needs). Maintain the
assumptions of Theorem 2 and consider a one-topic, locally separable comparison in
which dimension d is the only component of the next review that can change the stopping
action. Suppose y; > 0, and let B; > 0 be the fixed gross belief-unit gain per unit of taste
conditional on that review covering d. Hold the current stopping margin and every non-d
payoff branch fixed across two matched nondisplay states: endogenous top-K omission,
denoted O, and exogenous nondisplay independent of C;(M), denoted E. Then their exact
focal one-step gross values are

vdaBa

10 = " gic,0) | 04 < P BlC ) = I (5.20)

d N

Consequently, the nonempty inspection-cost interval
I° <V <If (5.21)

makes one-step inspection optimal under exogenous nondisplay but strictly suboptimal
after top-K omission. The width of this search-suppression interval is

_ vaBa

E O
Id _Id —T

{E[Ca(M)] - E[Ca(M) | O4]} > 0. (5.22)
If both matched states lie on the successor-absorption exactness layer, the same cost
comparison governs initiation in the unrestricted dynamic problem.

Proof in Online Appendix D.1.

The corollary isolates a consumer-level consequence of compression consistency. A
need can carry high private taste weight y; yet be uncommon in the review corpus. When
a prevalence-based summary omits it, the consumer infers that another review is less
likely to discuss it and can rationally stop at a cost for which she would have searched
had nondisplay carried no selection content. Holding the coverage and decision wedges
fixed, the absolute suppression interval grows with both taste importance and the value
of learning the omitted dimension. The exogenous state is also the local no-summary
benchmark for d when the summary’s other displayed components leave the stopping
margin and B; unchanged; without that restriction, the result is not a claim that total search
must fall relative to no AL

Why omission shifts the coverage distribution. Holding the other dimensions’ counts
fixed, increasing C4(M) can only move dimension d upward in the top-K ranking. In-
dependence keeps the distribution of those competing counts fixed as C;(M) varies, so
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the omission probability g4(c) decreases with c. Bayes’ rule then makes the conditional-
to-unconditional mass ratio decreasing, which gives MLR dominance, FOSD, and all
increasing-function inequalities. The topic-arrival mean is the special case h(c) = ¢/N.

Theorem 2 is the selection counterpart to the scalar compression-consistency theorem.
A finite-slot summary does not just choose which dimensions receive free sentiment.
Because the chosen dimensions are selected from the same corpus the consumer may later
inspect, the omitted set changes beliefs about the usefulness of further review reading.
A prevalence-based summary can therefore rationally discourage search on omitted
dimensions through a topic-arrival channel, even when the platform is truthful and even
when omitted reviews would sometimes contain decision-relevant information.

When the interface reveals displayed coverage counts, the selection result also has a
directly measurable implication. If all K slots are filled and c. is the smallest displayed
count, every omitted dimension satisfies

Ce —Cdt

< Cs, < ——.
Ca(M) < ¢ M < 5=

(5.23)
The inequality is weak because a dimension tied at the last slot can lose the fixed tie-break.
If the summary is under-filled, omission instead implies C; = 0. This is an order-statistic
support restriction, and its formal statement and step-by-step proof are in Online Appendix
Corollary 9. Empirical use requires exact counts and a common eligible pool; rounded or
capped counts yield an interval version of (5.23).

5.6 Who continues reading?

Consumers who see the same truthful summary need not make the same verification
choice. The main interior case is the one in which some preference mass lies on displayed
dimensions and some lies on undisplayed dimensions. Then the summary partially resolves
relevant uncertainty but leaves a residual incentive to keep reading. Coverage and residual
learnability alone do not generically order verification across all possible taste vectors,
because omitted dimensions can differ in posterior uncertainty, signal precision, and
stopping-payoff wedges. Coverage share and residual learnability are diagnostic objects
not universal sufficient statistics. Online Appendix D.1 gives the formal one-step ordering
that becomes valid under homogeneous omitted-dimension payoff wedges; outside that
qualification the same objects should be read as empirical and numerical predictions.

The same objects distinguish three economically different cases. When Cove(y; K) =0,
the summary displays none of the dimensions entering the consumer’s utility. It cannot
directly move her payoff-relevant quality beliefs; any effect must come from what nondisplay
reveals about topic arrival (Online Appendix Proposition 19). When 0 < Cove(y;K) <1,
the summary resolves some needs but not others, so verification persists selectively. Finally,
when Cove(y;K) = 1 and RL(y; 4, h¢) is close to zero, little relevant content remains
discoverable and the consumer is pushed back toward the scalar benchmark.

At the one-step level this ordering becomes a taste region. In the one-topic, local-
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separability specialization, let Q)4 ((s;) denote the expected one-step gross payoff gain per
unit of taste weight on dimension d, including the probability that the next review covers
that dimension. Online Appendix D.1 derives the focal-dimension gain and the resulting
taste hyperplane Y ; 74Qq(st) > ¢V (t +1). Consumers whose weights load on dimensions
with high residual gains continue, while consumers whose needs are already covered stop.
The empirical design must therefore observe or elicit hard needs or attribute weights.

5.7 When is a truthful summary sufficient?

Truthful reporting does not by itself imply that the summary is enough for a decision.
What matters is whether any feasible completion of the hidden corpus could reverse the
consumer’s preferred stopping action. This question can be reduced to one taste-weighted
index. Write

O =max{0,M}, A=xp-aP, b=0-A,

and define the decision index b
Ar= D yaap (5.24)
The stopping payoff can then be written as ;he scalar kinked function
S(st;7) = O+ (As = b)4, (5.25)

with a single kink at the taste hyperplane {u : >; yaua = b}. Since each posterior belief is
a martingale, /\; is a martingale.

Let ¥(s;) be the finite set of terminal posterior states reached with positive probability
after revealing the remaining pool. Its exact decision-index support is

D
T ,min E T, max E —
= ’ = . 2
sg%l(l; Ydﬂd(s) At §r€r¥(1;f) =1 Ydﬂd(s) (5 6)

If the interval in (5.26) stays on one side of b, hidden evidence cannot reverse the
preferred action; the stopping payoff remains affine over every reachable posterior, so
positive costs imply immediate stopping. If the interval strictly straddles b, full revelation
has positive gross value and sufficiently low total remaining costs induce verification.
A truthful summary is therefore decision-insufficient whenever its compatible terminal
support crosses the consumer’s taste-weighted margin. Online Appendix Theorem 4 proves
the terminal-hull equality, absorbing zero region, and dynamic sandwich; Online Appendix
Section D.1.2 identifies the states on which the one-step cutoff is exact. The affine-index
restriction is substantive: with nonlinear utility, continuation generally depends on the full
reachable belief polytope.

For the hub example, suppose every corpus still compatible with the summary leaves
the hub preferable to the outside option. Uncertainty may remain, but it cannot affect the
action, so reading has no value. If compatible corpora imply different choices because
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charging performance is unresolved, the summary is truthful but decision-insufficient.
The consumer then reads when the available improvement is large enough relative to cost.

The support test identifies when hidden evidence can still matter at a given state. The
next result asks whether that possibility disappears as the evidence pool grows. With fixed
summary capacity, it need not.

5.8 Why evidence abundance does not eliminate slot scarcity

One might expect the finite-slot problem to disappear when a product has many reviews.
That intuition is correct for a displayed scalar dimension: majority aggregation becomes
nearly decisive. It is false for a taste-relevant dimension that never receives a slot. More
evidence improves the precision of what is displayed, but it does not expand display
capacity. The next theorem separates these two limits.

Theorem 3 (Slot scarcity in large review pools). Fix D, K < D, priors pa0 € (0,1), and
precisions pg € (1/2,1). Consider a sequence of products with review-pool size N — oo.
Suppose the top-K summary rule is sign-invariant in dimension selection, coverage is
independent of latent quality, and the coverage shares satisfy

Ca(M)
N

— Az €[0,1]

in probability for every d. Assume that at least K + 1 limiting shares are positive, that
the K-th and (K + 1)-st largest positive values of (11, ..., Ap) are distinct, and let S*(A) be
the corresponding limiting top-K set. Finally, assume the consumer’s coverage prior G is
correctly specified for this sequence, in the sense that it coincides with the data-generating
coverage law used to form the limiting shares. All convergence statements below are under
the data-generating law, at the post-summary entry state, and along the high-probability
event on which the displayed set is S*(1) and displayed majority cells equal their latent
dimension states.
Then the following hold.

(i) (Displayed dimensions are asymptotically resolved.) With probability approaching
one, SX(M) = S*(A). For every d € S*(A) with A4 > 0, the displayed dimension-level
majority posterior converges in probability to the true dimension state:

tao(a) — Oq.

Consequently, for any fixed number of additional inspections, the gross value of further
scalar verification about already displayed dimensions converges to zero.

(ii) (Omitted dimensions retain topic-arrival content.) For every d ¢ S*(A),
nao(a,0) — Ay in probability.
Under sign-invariant selection and prior independence across dimensions, omission
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(i)

does not directly reveal the sign of 0y, it affects the verification problem through
topic-arrival probabilities.

(Pivotal omitted dimensions sustain verification pressure.) Fix an omitted dimension
d- ¢ S*(A) with Ay~ > 0 and yz > 0. Suppose that, after taking the large-pool
limit for displayed dimensions on the high-probability event described above, the
dimension-specific margin

b - Zres*()\) VO — Zq¢S*(A) Valaq0
by = e (5.27)
Ya

lies between the two one-signal posteriors generated by a covered signal on dimension
d*. That is, with (quZ =POp =1 rna =1, mpg = 1) and p7. =P(Og = 1| rya- =
0, myg = 1)/ -

g < bg < . (5.28)

Suppose additionally that the limiting next-review experiment is focal-separable for d*:
conditional on covering d*, it changes no other payoff-relevant posterior component,
and conditional on not covering d*, its expected stopping payoff is weakly at least the
current stopping payoff. Then the limiting one-step gross value of a passive review
is at least A4 J7 > 0, where ]2 is the covered-d* Jensen gap derived in the proof.
In particular, if the first review-opening cost is strictly below this lower bound, the
one-step policy of opening one more review and then stopping strictly dominates
immediate stopping for all sufficiently large N; hence verification starts in the full
dynamic problem as well.

Moreover, the gross value of allocating one additional targeted free summary slot to d*
is bounded away from zero whenever the weaker full-information pivotality condition

0 < by < 1 holds. Thus large review pools eliminate residual scalar uncertainty on
displayed dimensions, but they do not eliminate the economic value of scarce summary
slots when omitted dimensions are both payoff-relevant and pivotal.

Proof in Online Appendix D.1.

Why the large-pool limit differs from scalar learning. As N grows, the law of large
numbers makes displayed prevalence shares and displayed majority cells converge to
their population limits. Conditional on the displayed set, majority cells for displayed
dimensions become nearly decisive, so scalar residual verification on those dimensions
vanishes. But omitted dimensions are not summarized; their topic-arrival probabilities
converge to positive prevalence limits when those dimensions are present in the review
corpus. If such an omitted dimension is taste-relevant and pivotal, a focal-separable review
that might cover it retains a positive Jensen gap even at large scale.

Theorem 3 is the large-pool version of the paper’s main thesis. If the summary

were scalar and unlimited, evidence abundance would make post-summary verification
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disappear. With finite slots, evidence abundance resolves displayed dimensions but does
not resolve omitted ones. The relevant scarcity is therefore not the number of reviews;
it is the number of summary slots allocated to dimensions consumers may care about.
The theorem is also deliberately conditional: if an omitted dimension is not pivotal for
the stopping decision, then its residual uncertainty has little behavioral bite. The harmed
consumers are those whose tastes load on omitted dimensions that remain both uncertain
and decision-changing.

Online Appendix Corollary 14 gives the corresponding capacity threshold. Uniform
large-pool elimination follows once capacity eventually covers every positive-share di-
mension; with a fixed slot shortage, an open set of taste-margin pairs continues to verify
at sufficiently low positive costs. The formal statement is kept online because it is the
uniform-capacity corollary of Theorem 3, not a separate mechanism.

Two boundary cases locate the finite-slot mechanism. Online Appendix D.4.1 states and
proves both. If the summary displays none of the consumer’s utility-relevant dimensions,
it cannot directly update those quality beliefs; any effect must operate through coverage
inference and topic-arrival probabilities. At the opposite knife edge, if one displayed
dimension is the only payoff-relevant dimension and every review discusses it, the
multidimensional problem collapses exactly to the scalar benchmark. Between these
endpoints lies the paper’s main region: summaries display only some relevant dimensions,
and residual topic arrival governs whether verification persists.

Persistence establishes why summary slots remain economically scarce. The next
question is which dimensions should receive them.

5.9 Which dimensions deserve scarce slots?

The hyperplane representation also clarifies what a summary should cover if the objective
is to reduce costly review reading. A platform that displays the most frequently discussed
dimensions is not generally solving the consumer’s within-product information problem.
Frequency matters only through the posterior probability that a future review will discuss
a dimension; the consumer’s verification motive also depends on taste weight and on
whether learning that dimension can change the stopping action.

For example, compatibility may be discussed in many hub reviews but already be
settled for the marginal consumer. Charging slowdown may be mentioned less often yet
determine whether she buys. Giving the next slot to compatibility follows prevalence;
giving it to charging performance follows consumer relevance.

Let F denote the population distribution of consumer taste vectors y. In the one-
topic, local-separability environment, suppose that covering a dimension changes a fixed
componentwise per-unit gain from leil,t to QS , with 0 < Qf, < int. The formal display-

dt’ dt —
set problem is then additive. Online Appendix D.1 states the exact minimization problem
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and proof. The resulting consumer-relevance index is

Rar= Belyal  (QY60-05,60) - (529)
———
mean taste weight

verification removed by display

The K slots that minimize expected one-step inspection pressure are the dimensions with
the largest values of this index. A top-K prevalence rule is therefore inspection-pressure
optimal only when prevalence ranks dimensions the same way as Ry ;.

For the comparison, let Prev; > 0 denote the prevalence score used to rank dimension
d. In the finite-pool benchmark this can be C;(M) or its share; in the large-pool limit it can
be A4. Define consumer relevance per unit of prevalence by

R

g = 5t (5.30)

Theorem 4 (Sharp performance bound for prevalence ranking). Consider the additive
one-topic, local-separability environment just described. Fix K < D. Let S be any size-K
set maximizing total prevalence, and let S® be any size-K set maximizing total consumer
relevance:

SP € argmax » Prev,, SR e argmax » Ry;.
gmax dZE; gmax > Ry,
(i) (Approximation guarantee.) If relevance per unit of prevalence is bounded as

O<w<wg<w<oo for every d,

then the prevalence-selected set captures at least the fraction w/w of the maximal
inspection-pressure reduction:

Zdes® Rap
ZdeSR Rd,t -

In particular, if wy is constant across dimensions, prevalence ranking is exactly optimal
for this objective.

(5.31)

allle

(ii) (Sharpness.) The factor w/w is sharp as a dimension-free guarantee. Already with
K =1and D = 2, the achieved ratio can be made arbitrarily close to w/w from above.

(iii) (No-alignment converse.) Over the unrestricted additive class, in which prevalence
imposes no positive lower bound on min; w,;/max, w,, prevalence has no positive
uniform approximation guarantee. For every K < D and ¢ > 0, there exist positive
prevalence scores, a normalized taste distribution, and componentwise covered and

uncovered gains satisfying 0 < Q¢ < QU such that the top-K prevalence rule uniquel
g ying dt dt P-&P quely
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selects S, yet
Lges Ra,t
maxs|=x 2des Rat
An omitted dimension can then have arbitrarily greater consumer relevance than a
displayed one, so replacing the displayed low-relevance dimension strictly reduces
expected inspection pressure.

(5.32)

Proof in Online Appendix D.1.

(a) Taste regions (b) Slot rankings
€3 index

Ra
2aviQa > c

prevalence

dimension
() 1 2 3

taste simplex ranking can reverse

Figure 4: Taste-dependent verification and slot ranking. The left panel shows the taste
hyperplane that separates one-step inspection from stopping. The right panel illustrates
why raw prevalence need not rank summary slots in the same way as the consumer-
relevance index R.

The theorem identifies exactly what disciplines the use of commonness as a design
heuristic. If consumer relevance delivered per unit of prevalence does not vary much across
dimensions, prevalence is provably near-optimal. If that alignment ratio is unrestricted,
the guarantee collapses to zero: a frequently mentioned dimension can be irrelevant for
the marginal consumer’s decision, while a less frequent dimension carries the residual
verification motive. The failure resultis therefore the converse of a quantitative performance
bound, not merely an unrestricted counterexample.

The ranking theorem concerns inspection pressure. Consumer welfare additionally
depends on what the free summary resolves and on the option value of information that
remains accessible through later inspection. The next result makes this distinction exact.

510 Why review opening is not a welfare statistic
Fix a known truthful finite-slot kernel Q¢- For entry output w, write
So(w) = S(so(w); ),

I, (w) = EglS(s1;7) | @] = Sp(w),
I (w) = B[ Vo(s1) | @] = Sg(w). (5.33)
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The first object is the immediate stopping payoff. The second is the gross value of opening
one review and then stopping. The third is the unrestricted dynamic initiation gain: Vi (s1)
includes every optimal later inspection and its cost, so I(;o is net of future costs but gross
of the current first-inspection cost. Say that entry is one-step exact if stopping is optimal
after every positive-probability first-review realization. Successor absorption—meaning
that every possible first-review successor lies in a no-continuation region—is one sufficient
condition; sufficiently high later inspection costs provide another.

Theorem 5 (Review opening is not a welfare statistic). Fix the common prior, corpus tech-
nology, review-access technology, and a future inspection-cost schedule ¢V (2),c"V(3), . . ..
Let the current first-inspection cost be ¢ = ¢ (1) > 0. No one-step-exactness restriction is
imposed. Then:

(i) Exante consumer welfare and the review-opening rate under Q are

W) = By|So(w) + (I°(@) - ¢). |, (5.34)

Read(¢; c) = P¢(I¢°°(a)) > c), (5.35)

where expectations are taken under the same data-generating distribution and the
output kernel Q.

(ii) If only the first-inspection cost ¢ > 0 is independently drawn from cdf F. and observed

before the opening choice, while the future cost schedule remains fixed so that Iq;"’

does not depend on ¢, then

(W(¢/ Fc) = E(P

7P @)
Solw) + /0 ’ Fc(u)du‘, (5.36)

Read(¢); F.) = Eqs[FC(]g’(w))], (5.37)
with the second equality using either atomless costs or inspection at indifference.

(iii) The one-review value is a lower bound on the unrestricted dynamic gain:
0< I(;(a)) < I°(w). (5.38)

Equality Iq; =1 q;” holds if and only if stopping is optimal after every positive-probability
tirst-review realization. Thus I(; > c is always sufficient for opening, and it is also
necessary on the one-step-exact layer.

(iv) Review-opening rates do not order welfare across truthful finite-slot kernels in the
unrestricted dynamic model. Indeed, even with D = 2, K = 1, one-topic reviews,
independent binary qualities, and componentwise majority, there are open sets of
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admissible primitives on which entry is one-step exact and

Read(¢;c) < Read(¢p’;c) and W(¢p;c) > W(¢';c), (5.39)
and other open sets for which

Read(¢;c) < Read(¢p’;c) and W(¢p;c) < W(¢';c). (5.40)

The first ordering is generated when a slot freely resolves a pivotal dimension and
substitutes for reading. The second is generated by top-K prevalence selection relative
to randomized-K display: prevalence suppresses reading on a consumer-relevant tail
dimension, while randomized display sometimes resolves that dimension for free and
otherwise leaves enough search-option value to induce inspection.

Proof and explicit open-set constructions in Online Appendix D.1.3.

The theorem separates two reasons why an Al summary can reduce source opening.
Under information substitution, the summary raises the current decision payoff and makes
verification unnecessary. Under verification suppression, selection lowers the perceived
chance that reading reaches a pivotal omitted dimension without directly resolving its
quality. Both channels can reduce clicks, but equations (5.34) and (5.36) show why the
welfare implications differ: welfare depends on the free stopping payoff and the entire
surplus above the inspection threshold, not merely on whether that threshold is crossed.

The matched omission comparison in Corollary 3 isolates the local option-value
component on the one-step-exact layer. Because those states hold the quality posterior and
stopping payoff fixed, their conditional search-option surplus then differs by exactly

If
/]O F.(u)du > 0. (5.41)

d

This is a conditional mechanism decomposition, not an ex ante policy ranking; part (iv) of
the theorem supplies the common-data-generating-process comparisons.

This is not an unconditional welfare ranking of top-K and randomized display. The
rules are not generally Blackwell ordered, and top-K’s information about coverage can
itself save wasteful inspection. The result is a restriction on interpretation: lower review
engagement cannot, by itself, be treated as evidence that the summary saved consumers
time without sacrificing decision quality. Likewise, the consumer-relevance index in (5.29)
remains the correct index for minimizing inspection pressure, but a welfare-oriented slot
rule must also account for the free decision value created by each displayed dimension.

6 Beyond the Benchmark Rule

Majority and top-K prevalence selection make the mechanisms transparent; they are not
required to define the consumer’s problem. Under any known finite truthful kernel
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Q¢, the integrated likelihood in (2.12) and its sparse-review counterpart (5.7) deliver the
exact posterior and predictive transition, and the Bellman problem remains (2.15). The
rule-independent behavioral result is that residual evidence has zero gross value exactly
when its terminal decision-index support stays on one side of the stopping margin. Online
Appendix Proposition 2 gives the formal scope statement and Online Appendix Theorem 4
gives the decision-sufficiency result and corresponding dynamic support geometry.

The additional benchmark structure determines which sharper results follow:

Restriction Result it supports

Known finite Q Integrated posterior, predictive transition, Bellman cutoff,
martingale updating, and decision sufficiency.

Sign-invariant Dimensionwise likelihood calculations and rule-specific

componentwise rule H-objects.

Top-K prevalence selection Self-concealing omission and observable coverage-support
bounds.

Componentwise majority Binomial closed forms, shared-pool attenuation, and

large-pool resolution of displayed dimensions.
Three-cell threshold band Persistent mixed-cell uncertainty when a latent signal share
lies inside the middle band.

Upstream designer interpretation. Let F denote the population distribution of consumer
tastes and write Vg(so(w); y) for the common Bellman value induced by an admissible
kernel Q. A consumer-welfare designer would solve

QW € arg max Er 0.6z, w~0 [VQ (so(a)),' 7/)] (6.1)
QEQIT<

The value Vg includes both the free decision value created by the summary and the
consumer’s remaining option to inspect its source corpus. This paper characterizes Vg for
any known Q); it does not solve (6.1) over the unrestricted admissible class. The prevalence
theorem solves a restricted slot problem whose objective is to reduce inspection pressure,
while Theorem 5 shows why that objective is not generally interchangeable with consumer
welfare. Because consumers do not report private types in the present model, the upstream
problem is constrained information design as compared to a classical direct mechanism
with incentive- compatibility constraints. Personalized summaries based on elicited tastes
would add those constraints.

Plugging in a recovered rule. If an empirical stage recovers a componentwise count
kernel 74(a | Y, N, z), define

N-m

~ N —-m e~
HY (m, y;p,2) = § ( y )P”(l—P)N "ealy+u,N,z). (6.2)
u=0
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Replacing H; with H f gives the posterior and transition, after which the Bellman recursion
is unchanged. For a joint sparse rule, Qp is inserted directly into (5.7); exactness is
preserved, although componentwise binomial factorization can be lost. Online Appendix
Section D.1.1 gives the full construction. Estimating Q, propagating first-stage uncertainty,
and identifying search costs belong to the companion methods paper.

Folding and local robustness. A displayed aspect may pool fine dimensions, such as
leakage, temperature, and charging reliability under “functionality.” This is a known
kernel whose cell is computed from grouped columns of the sparse corpus. The exact
integrated posterior remains valid; what is generally lost is componentwise factorization.
Online Appendix Proposition 14 shows that, for belief movements small relative to a fixed
smoothing scale, local verification value is decision curvature times the taste-weighted
posterior variance left by the rule, up to a controlled remainder. Online Appendix
Corollary 13 therefore makes folding and nondisplay locally equivalent whenever they
leave the same variance in the consumer’s within-fold taste direction.

Three-cell contrast. A nondegenerate mixed band replaces the majority tail with a
binomial interval. Online Appendix Theorem 3 shows that a displayed dimension is
asymptotically resolved when its agreement precision lies beyond the endpoint threshold,
but a mixed cell converges to the prior when both state-contingent signal shares lie inside
the middle band. Such a cell can therefore sustain verification when it is decision-pivotal.
Under binary majority the middle-band case is absent for p; > 1/2. Full finite-pool
three-cell likelihoods and the exact-tie caveat are in Online Appendix Section C.4.1.

7 Amazon-Informed Quantitative Illustration

This section asks only whether the mechanisms can be economically nontrivial at empirically
plausible evidence volumes. It does not estimate structural precision, tastes, or inspection
costs. A preliminary consumer-interface audit contains 8,795 displayed aspect cells on 1,292
products. The median aspect count is 69, the recovered descriptive sentiment thresholds
are gy = 0.2707 and qj = 0.6667, and the mean modal-sign share is 0.823. The last object is
used as an agreement sensitivity input, not as a truth-validated estimate of structural p.
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Table 2: Scalar verification at representative audit cells

Cell N Agreement Attenuation maxZ/y Regionat«x"/y =.01
Negative 71 0.800 77.0% 4.79x 1072 empty

Mixed 73 0.606 — 0.0483 [0.387,0.540]

Positive 66 0.896 48.3% 1.32x107% empty

Notes: Agreement is the median modal-sign share within the cell type and is used as a sensitivity
calibration. Attenuation is the disconfirming log-odds reduction relative to the raw-signal update.
The region is the interval of stopping margins for which one-step verification covers the reported
normalized cost under the recovered three-cell thresholds.

The scalar calculation separates decisive and mixed states. At representative positive
and negative cells, compression-consistent attenuation is large while the maximum residual
scalar verification value is effectively zero. The representative mixed cell instead leaves a
maximum normalized value of 0.0483 and a nontrivial decision-margin interval even at
normalized cost 0.01. This is a state-contingent implication, not a calibration of population
search: the pooled scalar model with one common precision substantially underpredicts
the audit’s mixed-cell frequency, so structural use requires heterogeneity or a directly
controlled laboratory environment.

The finite-slot calculation first uses only displayed counts. In the later contemporaneous
depth archive, 842 products fill all eight slots and report an exact count for every displayed
aspect. Let c. be the smallest displayed count and cmayx the largest. Exact top-K selection
implies Cy < c. for every omitted dimension and the common eligible pool must satisfy
N > cmax, SO

Cx

Nd,0 <
Cmax

The median product-level bound is 0.164. For 279 of these products, the archive also
contains a manually recorded written-review count NW*tn Under the additional same-
pool assumption NViten = N, and assuming a review contributes at most once to a
dimension count, the sharper bound is

Cx

<
40 = Nwritten'

Its median is 0.042, with interquartile range 0.016-0.072; all 279 observations satisfy

Cmax < NWin The median is unchanged at 0.042 after collapsing exact duplicate
review-pool signatures, leaving 212 distinct pools.
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Table 3: Multidimensional omitted-topic magnitude bounds

—MD
Coverage input and sample =~ Medianf; MedianZ /T Notruled out at

k =.002/.005
Displayed-count bound: 0.164 0.0082 96.1% / 75.3%
CefCmax, 1 = 842
Written-count bound: 0.042 0.0021 52.0% / 4.7%
C*/Nwritten, n =279
Distinct review-pool 0.042 0.0021 52.4% / 6.1%

sensitivity, n = 212

Notes: The value calculation uses the one-topic specialization, omitted-dimension precision py = .70,
taste share w = .50, and normalized cost k = ¢"V /T. Every entry is an upper-bound diagnostic, not an
estimated opening probability. The written-denominator rows add the maintained same-pool and
one-mention-per-review-dimension assumptions.

Thus the denominator matters economically. With p; = .70 and taste share w = .50,
the median peak upper bound on verification value normalized by total taste scale falls
from 0.0082 under the denominator-free bound to 0.0021 under the written-denominator
sensitivity. At the latter median, normalized cost 0.001 leaves a sizeable focal decision-
margin region, approximately [0.395, 0.605]; at cost 0.002 it narrows to [0.491, 0.509], and it
is empty above 0.0021. These are possibility bounds, not estimated opening rates: equality
between the written-review count and Amazon’s eligible summary pool has not yet been
validated. The query-conditioned semantic depth layer is likewise not used to estimate 74
until its human-adjudication and discovery-recall audits are complete. Online Appendix
Section D.2 derives every formula and records the measurement caveats.

The illustration reinforces the paper’s qualitative restriction. Large, decisive scalar cells
leave little reason to inspect another binary sign; economically meaningful verification
is concentrated in mixed cells and in omitted or folded dimensions that remain likely to
arrive and matter for the consumer’s decision. Online Appendix Section D.3 records the
corresponding laboratory and field predictions without making them part of the present
identification task.

8 Conclusion

A consumer facing an Al summary has already received information before she decides
whether to read a source. That does not make the source-opening decision trivial. The
summary is a compressed view of the same finite evidence she can inspect, so it changes
both what she believes about the product and what she expects the hidden evidence to
contain. This paper asks when that free, truthful compression is enough for choice and
when the consumer still pays to look underneath it.

The scalar benchmark isolates the first answer. Because the summary and raw reviews
share an evidence pool, a review cannot be interpreted as though it were independent of
the summary. Compression-consistent updating attenuates raw-review belief movements
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while the summary still restricts the hidden pool; as reviews reveal what was compressed,
that informational restriction is depleted. The consumer reads only when the evidence can
move her across a relevant stopping margin. Signal precision therefore has two opposing
effects: it improves the free summary, reducing residual uncertainty, but it also makes a
raw review more useful. Verification can consequently be nonmonotone in precision as
compared to simply falling as information quality improves. At large review volumes,
however, a scalar majority summary becomes nearly decisive. Persistent reading at that
scale requires another source of decision-relevant uncertainty.

The multidimensional model provides that source. A finite-slot summary may accurately
describe the dimensions it shows and still omit or fold a dimension that matters to a
particular consumer. Top-K selection also makes omission informative: a dimension that
fails to appear is inferred to be less prevalent and hence less likely to arrive in another
review. This self-concealing effect creates an explicit cost interval on which a consumer
stops reading even though she would inspect under otherwise matched, selection-free
nondisplay; it need not eliminate verification at lower costs. Reading persists when an
omitted or folded dimension remains likely enough to appear, receives enough taste
weight, and can change the stopping choice. As the corpus grows with fixed display
capacity, majority sentiment on shown dimensions becomes precise while uncertainty
about scarce, unshown slots can remain behaviorally relevant. More evidence therefore
does not substitute for more summary capacity.

This distinction changes the natural design criterion. Ranking dimensions by prevalence
is effective when prevalence, consumer tastes, and residual decision value are sufficiently
aligned. Outside that region it can perform poorly, because the most frequently discussed
dimension need not be the one whose disclosure saves consumers the most verification.
The consumer-facing object is taste-weighted residual verification value: how much costly,
decision-changing learning a slot removes.

But reducing verification is not itself a welfare objective. The fully dynamic welfare
representation distinguishes free decision value from the residual option to inspect. Fewer
openings can be good news when a summary resolves a pivotal dimension at negligible cost;
they can be bad news when a prevalence rule allocates the slot elsewhere and its omission
signal extinguishes otherwise valuable tail-dimension search. Explicit two-dimension
constructions deliver both orderings on open parameter sets. They do not imply that
randomized display dominates top-K: the rules are not generally Blackwell ordered. They
imply that click reduction alone cannot reveal which welfare channel is operating.

The quantitative illustration is consistent with this division of labor. Decisive scalar
cells leave little residual sign-learning value, whereas mixed cells and omitted dimensions
can leave economically nontrivial verification regions. Those calculations discipline
magnitudes; they are not estimates of population search costs or claims about a platform’s
objective.

The sharp comparative statics rely on the transparent majority and top-K benchmarks.
The broader machinery requires less: for any known finite truthful compression kernel,
integrating over hidden corpora gives the exact posterior, predictive transitions, and
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within-product Bellman problem. A recovered empirical rule can therefore replace the
benchmark kernel, though its behavior need not inherit majority-specific attenuation
formulas or top-K omission rankings. The paper’s claim is accordingly limited but useful:
truthful compression is not equivalent to full disclosure, and its effect on verification
depends jointly on shared-pool inference, decision margins, and which dimensions scarce
summary capacity resolves. Viewed upstream, these objects are the demand-side inputs to
truth-constrained information design: the designer must value both what the free message
resolves and the verification option it leaves behind.

This within-product theory supplies the demand-side foundation for the companion
projects. The numerical paper endogenizes the value of moving to another product; the
methods paper studies identification after the deployed compression rule is measured; and
the experimental project tests the resulting state-contingent predictions under controlled
primitives. Solving the platform’s optimal summary design, unknown-rule learning,
endogenous reviewing, imperfect authenticity, and fabricated content remain distinct
extensions. Keeping them outside the present model preserves the paper’s central
economic question: when does an honest summary allow a consumer to stop searching,
and when does economically important information remain worth finding?

Online Appendix

The separate Online Appendix contains all proofs, step-by-step algebra, aggregation-rule
extensions, endpoint cases, operational results, experimental details, and the notation
compendium cited throughout the paper.
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