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The Risks and Rewards of User Expressiveness in
Revenue-Driven Recommendation

Yeganeh Alimohammadi Rigel Galgana Negin Golrezaei

Abstract

Large-language-model recommendation interfaces let users communicate much
richer preference information than traditional, coarser search. Richer expres-
sion can improve product fit, but it also reveals precisely where a user is willing
to compromise—information a revenue-driven platform can use to favor higher-
revenue items. We study this tension in a feature-based model where a user sends
soft preferences over product features and optional hard filters to a platform with
a private catalog. The platform recommends the item maximizing per-purchase
revenue times a purchase probability evaluated at the reported match. We show
that truthful expressive reporting can be worse than coarser truthful reporting. We
then give a condition under which a strategic expressive user can find a near-
optimal item in polynomially many interactions by trying a one-dimensional fam-
ily of reports that counteracts the platform’s revenue bias by down-weighting high-
revenue features. When revenue differences are too large to be offset by soft re-
ports, expressive reporting can require exponentially many interactions. Similarly,
optimal reporting under coarse interfaces can also incur exponential search cost.

1 Introduction

Large language models are changing search and recommendation by expanding what a user can
communicate to a platform. Instead of expressing intent through keywords, menus, or a few hard
filters, users can describe nuanced tradeoffs in natural language. This richer expressiveness is valu-
able when the recommender acts solely on the user’s behalf. It also creates a new incentive prob-
lem when recommendations generate different commissions, sponsored-placement revenue, or self-
preferencing benefits [5, 42]. A detailed report reveals not only what the user prefers, but also where
the user is willing to compromise. A revenue-driven platform can use those compromises to steer
the user toward a more profitable item.

We ask: when does richer expression actually help the user, when does it backfire, and when it
backfires, what can a careful user do and at what computational cost? In this paper, we compare
a ternary interface, which records each feature as liked, disliked, or neutral, with an expressive
interface, which permits continuous feature-level reports. We distinguish a casual user who reports
truthfully from a strategic user—possibly an LLM shopping assistant—that is incentive-aware and
can intelligently adjust the user’s reported preferences to counteract a platform’s revenue bias.

Our results characterize the risks and rewards of expressive reporting. First, when every item gener-
ates the same per-purchase revenue, truthful expressive reporting is optimal. Once revenues differ,
however, revealing the precise strength of each preference can expose profitable compromises and
make a coarser truthful report strictly better. Second, a strategic expressive user can account for
the platform’s revenue incentive by sending reports of the form § = as — ¢p, which lower the
reported value of high-revenue features. Trying a grid of values for the single scalar ¢ finds an
approximately optimal item whenever changes in reported match have sufficiently large effects on
MNL purchase probability relative to revenue dispersion. Third, this polynomial guarantee is not
automatic. Bounded expressive reporting can require exponentially many interactions when rev-

Submitted to 40th Conference on Neural Information Processing Systems (NeurIPS 2026). Do not distribute.



40
41

42

43
44
45
46

47

48
49
50

51
52
53
54
55

56
57

58
59
60
61

62

63

64
65

66

67
68
69
70
71
72
73

74
75

enue differences cannot be overcome by any allowed report, while ternary reporting can require a
combinatorial search even when one good ternary report exists.

2 Model

User and catalog. A user has a private preference vector s € S := Hle [—S;,S;] over d binary
product features. A product z € {0,1}¢ has user match (s, z). The platform has a private finite

catalog X C {0, 1}¢, drawn from a public distribution. We model purchase behavior by binary
MNL with outside-option value my:

em

fm) = o us(m) =log(e™ +e™), fm)i=log f(m). (1)

The user-optimal item therefore maximizes (s, «). The derivative

B 1
T 14 emmo

'(m) =1— f(m) (2)
measures how much the platform’s log purchase probability changes after a one-unit increase in
reported match. When m is high relative to m, purchase probability is already close to one and this
derivative is small.

Reports and platform response. A report consists of optional hard filters (Fy, F; ) and a full soft-
preference vector s. Hard filters require features in JF to be absent and those in F; to be present. In
the ternary interface, §; € {—5;,0, S;}; in the expressive interface, § € S. Truthful binary reporting
rounds each nonzero s; to S; - sign(s;). If the hard filters are infeasible, the platform drops them and
evaluates the same soft report on the full catalog. The platform earns per-purchase revenue

R((L’) :Ro(w)+5w, Ro(iL') :p0+<pa$>a |6m| <57 (3)

where pg > 0 and p € ]Ri. The (strategic) user knows (pg, p, S, mg, d) but not the catalog or
item-specific errors. Among filter-feasible items, the platform maximizes

log R(x) + ¢((8,x)). 4)

A reporting plan submits 7" reports and observes one recommendation after each. We use 71" as the
user’s effort. Its loss is the utility gap between the user-optimal item and the best recommendation
observed. To compare the revenue contribution of each feature with the strongest report the user can
make about it, define

p = max

. 5
i€[d] poS; ©)

3 Risks and rewards of expressiveness

3.1 Truthful expressiveness can hurt

Theorem 1. If R(x) = py for every item, truthful expressive reporting weakly dominates every
other reporting plan. Moreover, there are random-catalog instances in which every single-shot

ternary report loses Q(1/dlog |X|) expected MNL utility relative to truthful expressive reporting.

With constant revenue, the platform ranks products only by reported match, so a truthful expressive
report aligns its objective with the user’s. Ternary reports discard the strength of each preference
and can therefore select a worse item even when the platform and user otherwise prefer the same
product. However, revenue dispersion can reverse this as a detailed report can reveal that a disliked
high-revenue feature is only mildly bad, allowing the platform to trade a small loss in fit for a revenue
gain. A coarse report may protect the user by exaggerating the dislike without banning every product
containing that feature.

Proposition 2. There are instances where truthful binary and truthful ternary reporting each have
strictly smaller expected loss than truthful expressive reporting.
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3.2 Strategic expressive reporting

Let x* € arg max,cy (s, x). Let /m, upper-bound the reported match of «* under the reports used

below, and define

- 1

U =0(m,) = ——— .
(m*) 1 + eMs—mo

Since ¢’ decreases with reported match, ¢ is a lower bound on the slope of ¢ at the relevant reports.

(6)

Algorithm 1: Strategic expressive reporting

Input: (po, p, S), ', preferences s, and precision e > 0.

p < max; pi/(poSi); <= 1= p/l'; C < 1/(pol'), n < al’e/(2||pl|,);
Construct a grid ¢; < --- < e in [0, C] with spacing at most 7;
fort=1,...,Tdo

L submit 8!) = s — ¢,p and observe &(*);

return arg max, 7 us(&");

Algorithm 1 is remarkably simple: it is essentially a line search and does not require any hard filters.
as preserves the direction of the user’s preferences and —cp lowers the reported value of features
that increase platform revenue—effectively counter-acting the platform’s revenue bias. The exact
value of c that gives the right tradeoff depends on the hidden catalog, so the user tries a line search
over this single number rather than searching over all expressive reports.

Theorem 3. For exact linear revenue (6 = 0), Algorithm 1 returns an e-optimal item using

1ol )
T=0(1+ ——m—— 7
( T e (0 — ) @

reports whenever {' > p. More generally, fix a realized (s, X), let Ty := mingex Ro(x), and let
A be the smallest user-match gap from x* to any item whose user-utility loss exceeds ¢. The same
guarantee holds for every |04| < & when ruyi, > 6 and

Tmin + o

o A. > 2l +log - ®

mln_(S

At one value of ¢, the change in the platform’s revenue term at x* is exactly offset by the change
in reported match. Concavity then implies that no competing item has a larger platform score.
A sufficiently fine grid includes a nearby value of c. With item-specific revenue errors, the same
argument works when the resulting score difference is large enough to cover both the grid error and
the unknown errors.

3.3 When many interactions are necessary

The polynomial guarantee above does not hold for every instance. If revenue differences are large
enough, no bounded soft report can make the platform prefer the user-optimal item except when the
report is tailored to the hidden catalog. In other instances, every reported match is so high relative
to the outside option that purchase probability is close to one and changing reported match has little
effect on the platform’s score.

Theorem 4. For every fixed mq and every Ay = o(d), there are instances with arbitrarily large p
such that any adaptive expressive plan using 2°Y) reports has expected loss at least (1 — o(1))Ay.

Soft reports face a similar problem when constrained to be sparse. In particular, a g-sparse ternary
report requires at most ¢ coordinates across hard filters and nonzero soft entries. Even when one
such report would return the user-optimal item, the user may have to search over many possible
subsets of coordinates to find it.

Theorem 5. For ¢ = q(d) — oo with ¢ = o(d), there are instances in which an adaptive q-
sparse ternary plan needs exp(2(qlog(d/q))) reports to obtain o(q) expected loss, even though
one q-sparse ternary report returns the user-optimal item. Without adaptivity, unrestricted ternary
reporting can require exp(2(d)) reports to obtain o(d) expected loss.
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4 How much effort is needed to account for revenue bias?

Due to hard filters, the optimal item is always discoverable. However, as the catalog is hidden, the
user cannot directly identify the user-optimal item or the report that returns it. Each report reveals
only the single product, so measuring effort by the number of reports therefore captures how much
experimentation is needed before the user sees a high-utility recommendation.

Polynomial effort with expressive reports. Algorithm 1 does not search over the full d-
dimensional report space. It starts from the user’s preferences and changes only the scalar ¢ mul-
tiplying the known revenue vector p. All reports can be selected before any recommendations are
observed; after receiving the recommendations, the user simply keeps the item with the highest user
utility. The bound in (7) explains the required effort. Asking for half as much error requires roughly
twice as many reports. Larger total revenue variation ||p||, /po requires a finer search. Most impor-
tantly, the number of reports grows as ¢/ — p becomes small: when changes in reported match only
barely outweigh the platform’s revenue incentive, the user must tune ¢ much more precisely. When
¢’ is comfortably larger than p, a much coarser grid is sufficient.

The reporting bounds \S; also have a direct interpretation. The ratio p; /(poS;) compares how much
feature 7 can increase revenue with how strongly the user is allowed to report liking or disliking it. A
larger reporting range gives the user more room to counteract the revenue incentive on that feature.
The user does not need to know each item-specific error d,; condition (8) only requires those errors
to be small relative to the advantage created for the user-optimal item over every item that is more
than ¢ worse.

Exponential effort in the lower bounds. The negative results do not merely say that no good
report exists. In the expressive construction, a suitable report exists when the realized catalog is
known, but any one report works for only a very small number of the possible catalogs. Recommen-
dations obtained from unsuccessful reports reveal too little about which catalog was drawn. Hence
a user who tries fewer than exponentially many reports is unlikely to test a report that returns a near-
optimal item. Allowing hard filters does not remove this problem: a successful filter must correctly
identify most of the hidden coordinates of the desired product.

The ternary lower bound makes the source of effort especially transparent. A g-sparse user must
decide which g of the d coordinates to mention. There are (Z) possible choices, and each report

can work for only a small fraction of them, producing the exp(£2(qlog(d/q))) bound. With unre-
stricted but fixed-in-advance ternary reports, the three possible values on each coordinate still cannot
represent all of the relevant hidden tradeoffs, so exponentially many reports may be needed.

These results give different implications for truthful and strategic users. A casual user submits one
report, and a coarser truthful report can help by hiding the exact strength of weak preferences. A
strategic user may instead spend several interactions trying to account for the platform’s revenue
objective. With an expressive interface, the user need only vary one scalar and the required num-
ber of reports is polynomial under the condition in Theorem 3. With a ternary interface, or in the
hard instances for expressive reporting, the required number can be exponential. Thus the user’s
necessary effort ranges from one truthful report, to a polynomial number of carefully chosen expres-
sive reports, to an exponential search when the interface or the catalog does not permit the revenue
incentive to be offset efficiently.
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A Related work

Conversational and expressive recommender systems. Conversational and LLM-based recom-
menders expand traditional search interfaces beyond keywords, clicks, ratings, and a small number
of constraints. Earlier work on preference modeling and flexible constraint handling studied soft
preferences and query relaxation [2, 14, 26], while example-critiquing and preference-based retrieval
developed iterative ways for users to refine ambiguous needs [9, 18, 39]. Conversational recommen-
dation systems extend this approach through adaptive questioning, diversified recommendations,
and exploration—exploitation tradeoffs [19, 24, 40]. Recent LLM-based systems further broaden
the communication channel by allowing natural-language product requirements, preference-aware
repair of infeasible requests, and multi-turn intent inference [28, 37, 38, 41].

Much of this work views richer expression as a path to better personalization when the system uses
additional information on the user’s behalf. Recent economic models show that this value depends
on market primitives: platforms may choose how much to elicit [27], and agentic search can affect
information acquisition, price competition, and consumer surplus [10, 31]. We ask a complementary
question: when recommendations are revenue-sensitive, which reporting languages actually help the
user? Our results show that expressiveness can enable efficient search when the platform’s purchase
model is sufficiently responsive to fit, but can also expose naive users to revenue-driven steering;
meanwhile, coarser reports may protect truthful users yet be exponentially hard to search over for
strategic ones.

Strategic users and revenue-driven platforms. A related literature studies recommendation sys-
tems with strategic users, sellers, or platforms. Users may be harmed by truthful or myopic in-
teraction with systems that learn from behavior, and may strategically curate likes, consumption,
or engagement signals to shape future recommendations [7, 23, 33]. Other work studies biased or
revenue-sensitive recommendation and algorithmic advice, emphasizing that recommendation is not
merely prediction when platform and user objectives diverge [12, 20, 34, 36]. Similar tensions arise
in assortment, ranking, and sponsored recommendation, where platforms trade off revenue, market
share, consumer welfare, and seller exposure [3, 6, 13, 35]. We connect these concerns to interface
design: the question is not only whether the platform is biased, but whether users can computation-
ally find reports that counteract that bias.

Our model also relates to strategic disclosure and information design. Classical cheap-talk
and voluntary-disclosure models study selective revelation by informed senders [11, 16, 32],
while Bayesian persuasion studies committed information structures that shape receiver behavior
[4, 8, 17, 25]. Recent work brings these ideas to algorithmic and market settings, including person-
alized pricing [1], information design with unknown priors [30], and algorithmic or LLM-mediated
persuasion [15, 22, 29]. Our setting focuses on structured recommender reports: hard filters con-
strain feasibility, while soft feature-level reports affect ranking. This lets us separate how the plat-
form responds to reported match, the expressiveness of the interface, and the number of interactions
needed to find a good report.

B Full model and notation

User’s problem. The user has a private preference vector s € § := Hle [—S;, Si], drawn from

a public distribution F;. Products are represented by binary vectors & € {0,1}%, and (s, ) is the
user’s match score. We use the binary MNL purchase model with outside option mg € R:

(m) = exp(m)

oxpme) texp(m), Vo) = log(exp(mo) + exp(m)).
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The additive normalization of utility is omitted because it does not affect comparisons. We write
us(x) := us((s,x)). Since this utility is strictly increasing in match, the user-optimal item is any
maximizer of (s, x).

The outside option may be interpreted as a publicly calibrated parameter of the platform’s committed
purchase model. The analysis requires that the user knows the scoring rule to which the platform
commits; it does not require that the platform observe the user’s private preference vector.

Reporting interface. A report contains a full soft-preference vector § € S and optional hard filters
(Fo, F1), where the two sets are disjoint. Features in F must be absent and features in J; must
be present. The soft report covers all features, including those also named in a filter. In a ternary
interface, §; € {—95;,0,5;}; in an expressive interface, any § € S is permitted.

A truthful reporting plan uses one interaction and deterministically coarsens s. We study truthful
expressive reporting (§ = s), truthful ternary reporting (coordinatewise rounding to the nearest point
in {—5;,0,.5;}), and truthful binary reporting (each nonzero coordinate rounded to .S; sign(s;)). A
strategic plan may submit several reports and use the public platform parameters. It is adaptive if
later reports depend on earlier recommendations and non-adaptive if all reports are fixed in advance.

Given recommendations £, ..., &(T) | the user’s loss is

Losst = max us(x) — Itnsa%(us(:i(t)).

Expected-loss statements average over s ~ Fg and X ~ Fly.

Platform’s problem. The platform has a private finite catalog X C {0, 1}¢, drawn from a public
distribution Fy. Its per-purchase revenue is

R(IB):Ro(m)+5m, Ro(m):p0+<pam>v |5m| <Sa

where pg > 0, p € R%, and R(x) > 0. The user knows the linear revenue model Ry and the error
bound but not the realized catalog or the item-specific errors. Let

((m) = log f(m) = m — log(exp(mo) + exp(m)).
For a report (Fy, F1, §), define
X(Fo, F1) ={xzeX:x;=0Vi € Fy, &; = 1Vi € Fi }.
When this set is nonempty, the platform recommends a maximizer of
log R(x) 4 £((8, x))

over the filter-feasible catalog, breaking ties uniformly. If the filters are infeasible, the platform
drops them and applies the same soft report to the full catalog. Thus hard filters determine which
products may be recommended when they are feasible, while the soft report affects the ranking of
those products.

Sensitivity to reported match and revenue dispersion. The slope of the platform’s log purchase
probability is
1

" 1+ exp(m—mo)

¢(m)=1- f(m)

This quantity measures how much a change in reported match changes the platform’s score. It is
smaller when reported match is far above the outside option and purchase probability is already
close to one. We compare this slope with

Di

= max
P i poSi’
which measures revenue dispersion relative to the range of reports allowed on each feature. The
denominator S; reflects that the revenue contribution of feature 7 is easier to counteract when the
user can report a stronger preference about that feature.
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Role of hard filters. If the user already knew the desired product, hard filters on every coordinate
could make that product the only feasible item. The lower bounds therefore concern how many
interactions are needed to find a report that works when the catalog is hidden. They must also
account for the rule for infeasible filters: if a set of hard filters is infeasible, the platform evaluates
the same soft report over the full catalog.

C Formal statements and proofs for main-body results

We begin with a simple observation that separates two questions: whether a known item can be
returned by some report, and how many interactions are needed to find such a report when the
catalog is hidden.

Observation 6. For every catalog X C {0,1}, every item © € X can be induced if the user
already knows x.

Proof overview. The user can impose enough hard filters to make the known item the only feasible
product.

Proof. For any item z, let
]:1:{'6.1.%7;:].}, ]:0:{2‘%1:0}

Then every catalog item satisfying the hard filters agrees with & on every coordinate, so the fea-
sible set inside X is the singleton {x}. The platform therefore returns x. This observation is not
algorithmic: it requires the user to know the item they want to isolate. O

C.1 Proof of Theorem 1

Theorem 7. Assume R(x) = po for every item. Then truthful expressive reporting weakly domi-
nates every other report in user utility. Moreover, in the special case S; = 1 for every coordinate,
if N — oo satisfies log N = o(d), there exist distributions Fs and Fx, with |X| = N, such that
truthful expressive reporting exceeds any single-shot ternary report by Q(1/dlog N) expected MNL
utility.

Proof overview. With no revenue dispersion, the platform ranks products only by reported match.
Truthful expressive reporting therefore makes the platform maximize the user’s match. The quan-
titative separation uses a random catalog: continuous reports align with the full preference vector,
while ternary reports can align only with a coarsened preference vector. Hard filters do not invalidate
the separation. If they leave no feasible product, the platform drops them; if they leave a feasible
set, a small number of hard filters can improve match only by a lower-order amount, while a large
number are feasible with very small probability.

Proof. First suppose R(x) = pg for every item. Under the truthful expressive report with no hard
filters, the platform maximizes ¢((s, x)) over all z € X. Since ¢ is strictly increasing, every returned
item maximizes (s, x) over X. Since us(m) is strictly increasing in m, this item is user-optimal.
Any other report, possibly with hard filters, can only induce an item in X, whether while the filters
are feasible or after infeasible filters are dropped. It therefore cannot induce an item with strictly
larger user utility. This proves pointwise weak dominance.

For the ternary lower bounds, take S; = 1 for every coordinate, set s; = i/d, and draw N products

x',... & independently and uniformly from {0,1}¢. Write 2 = 227 — 1. Under truthful

expressive reporting,
d d

(s,x") = %ZSZ —&—%Zslzl"

i=1 i=1
The standard moderate-deviation estimate for maxima of weighted Rademacher sums gives

E [m;gZ] = (1+0(1)) [lsll, 2Tog N = ( A +o<\/a>> Vi W,

10
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because ||s||§ = d/3+0(1) and log N = o(d). Thus truthful expressive reporting induces expected

match
Zsl (5 +om) V.

Now fix any single-shot ternary report, including hard filters. Let h = |Fy| + |F1| be the number
of hard-filtered coordinates. If h > hg := [log, N + 3log, d], then a random catalog item satisfies
the hard filters with probability at most 27"°, so the probability that any catalog item is feasible is
at most N2~ < d=3, On the complementary event, the platform drops the hard filters and applies
the same ternary soft report over the full catalog. The rare feasible event can change the expected
match by at most d - d=* = o(y/dlog N). Therefore reports with b > hg are, up to a lower-order
term, no better than the same ternary soft report with no hard filters.

It remains to consider reports with & < hg. The hard filters can affect at most iy = o(+/dlog N)
coordinates, so their contribution to the selected product’s user match is lower order. Thus it suffices,
up to lower-order terms, to upper-bound ternary soft reports without hard filters.

Fix 8 € {—1,0,1}4, and let A = {i : §; # 0}. The product selected by maximizing >, 3;z" has
expected true-match gain at most

>

—~

S

|A>\/210gN

with the trivial bound used if | A| is bounded. The best signs are positive on selected coordinates,
and the best support of size k consists of the k largest coordinates of s. Hence

(s,8) Zlii:dkarl i/d  (2v2
selotonye I3,  1%k=d vk <3\f o1 )) V.

%(1 +o(1))

ik

Therefore every ternary report has expected match at most

Z + (525 + o)) V.

Since 1/v/6 > 2/(3v/3), truthful expressive reporting has an (y/dlog N) match advantage.

Finally, the truthful expressive match is at least d/5 with probability 1 — exp(—Q(d)) Let Mg and
M be the truthful expressive and ternary matches. If My > myg, then us(m) = f(m) > 1/2
on [MT,ME] If M7 < mg, then ’U,S(ME) — US(MT) > Us(d/5) — us(mo) = ) which
is larger than the claimed separation. Thus the match gap converts into an Q(v/dlog N) expected
MNL utility gap. O

C.2 Proof of Proposition 2

Proof overview. The construction has two catalog states. In each state, one good product avoids one
mildly disliked high-revenue feature, while the high-revenue product contains both such features. A
truthful expressive report reveals that each dislike is mild, so the high-revenue product wins. A
truthful ternary or binary report exaggerates every dislike, so the state-specific good product wins.
Hard filters cannot replicate this across all states: ruling out a disliked feature helps only in the state
whose good product omits that feature, and in all other states the platform drops the hard filters and
returns the same item as the expressive report without hard filters.

Proof. Take mg =0,d = 3, and S; = 1 for all coordinates. Let

so=1, §1 = S3 = —a,

where a = 3/4. The common coordinate 0 is liked, and coordinates 1 and 2 are mildly disliked.
Define

T=1012), xy =10}, xy = 1{01}-
The catalog is X; = {x*', '} with probability 1/2 for each j € {1, 2}. The user matches are
(s,x) =1 — 2a, <s,m§>:1—a,

11
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so &l

7 is user-optimal in state j. Now, for convenience, we choose a log-revenue advantage I'
satistying

01 —a)—l(1—-2a) <T <£(0)—¢(-1). 9)

For a = 3/4, the left side is strictly smaller than the right side, so such a I exists. Because my = 0,

the right side is strictly smaller than log 2, so the chosen I' can be realized with additive linear

revenue by setting the same positive price p on coordinates 1 and 2 and choosing py > 0 such that

po+2p
og—— =T
po+p

Now, assume that all item-specific errors are zero. Under truthful expressive reporting with no hard
filters, = beats w]L in every state by the left inequality in (9). Under truthful binary or truthful

ternary reporting, the disliked coordinates are reported as —1, so :BJL has reported score one unit
larger than «*?. The right inequality in (9) implies that w]L beats ' in every state. Thus truthful
binary and ternary reporting achieve us(mJL) in every state.

It remains to consider truthful expressive reporting with arbitrary hard filters. Requiring the liked
coordinate to be present does not change which (feasible) item is preferred over one another. Requir-
ing it to be absent makes no catalog item feasible, so the platform drops the hard filters and returns
the expressive outcome without hard filters 2. Requiring a disliked coordinate to be present cannot
remove =, so it cannot make z beat ¥ when both remain feasible. The only potentially useful
hard filters are therefore requirements that one or both disliked coordinates be absent. If no disliked
coordinate is required absent, the outcome is ' in both states. If coordinate 7 € {1,2} is required
absent, then =1 is feasible and ! is infeasible in state 7, so the user obtains the good product in
that state. In the other state, neither product satisfies the hard filter, so the platform drops the hard
filter and returns a7 . If both disliked coordinates are required absent, no product is feasible in either
state and the platform then returns =’/ in both states. Hence every truthful expressive plan with hard
filters obtains the good product in at most one of the two states, while truthful binary and ternary
obtain it in both states. Since us(w]L) > us(zf), the latter have strictly smaller expected loss.  []

C.3 Proof of Theorem 3

Proof overview. The proof first shows that every report used by Algorithm 1 remains within the
allowed range. It then identifies a value of ¢ for which the change in the linear revenue term at the
user-optimal item is exactly offset by the change in reported match. Concavity of ¢ implies that no
other item has a larger platform score. Finally, the proof bounds the effects of using a nearby grid
point and of allowing item-specific errors in the linear revenue model.

Proof. Let * € argmax ey (s, x). If ||p||; = 0, the algorithm submits the truthful expressive
report. For any item y with us(x*) — us(y) > e, the platform-score advantage of x* under the
truthful report is at least £’ A.. The item-specific errors can shrink the log-revenue advantage of the
user-optimal item over the other item by at most log((rmin + 9)/("min — 0)). Thus condition (8),
read as a single truthful report with no grid error, implies that no bad item can be returned. Hence
the theorem holds in this case. We now assume ||p||; > 0.

For every grid value ¢ € [0, C] and every coordinate i,

las; — epi| < aS; + Cp; < S; (1 — ﬁ/) + Piﬁ/ <S;,
/ pof

so every report used by the algorithm lies in S.

Because ¢’ is decreasing and the reported match of * under every report used by the algorithm is at
most m,, we have B

'({as —cp,x*)) >0
forallc € [0,C]. Atc =0,

N 1

cl'({as —cp,x™)) < Ro@)’

while at ¢ = C, ) )
c0((as —cp,a™) > —=7 >
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By continuity, there exists ¢* € [0, C] such that

1
il ({as — c*p,x*)) = . (10)
« )= Fo
Fix any competitor y. By concavity of the logarithm,
(p,y — =)
log R —log Ro(x*) <
og Ro(y) — log Ro(z*) < Ro(2)

By concavity of ¢,
(({as — c*p,y)) — (({as — "'p,x*)) < U'((as — 'p,x*)){as — 'p,y — ).

Adding the two inequalities and using (10) cancels the linear revenue term. The score difference
under Ry between y and x* is therefore at most

al'({as — c*p,x*))(s,y — x*). (11)
In particular, if y is bad, meaning us(x*) — us(y) > &, then

score under Ry of y < score under Ry of * — al' A,. (12)

Let ¢ be a grid point with |¢ — ¢*| < 7. Since £ is one-Lipschitz,
[(((as —cp, x)) — (((as — ¢'p,x))| <nllpl;

for every item x. Therefore the score difference in (12) can shrink by at most 27 ||p||; when using
¢ instead of c¢*. Finally, changing from Ry to R = Ry + ¢ can shrink the log-revenue advantage of
the user-optimal item over the other item by at most

RO (:13*) + log Ro(y) + S < IOg Tmin + 5

log ————— L
& RO(w*) -6 RO (y) o Tmin — §

where 7y, = mingex Ro(x) and i, > J. Condition (8) implies that, at the grid point ¢, ev-
ery bad item has strictly smaller platform score using R than x*. Therefore the recommendation
observed at € is not bad. It is e-optimal, and Algorithm 1 also returns an e-optimal item because it
keeps the best observed recommendation by user utility. Since o = (¢' — p) /¢, the grid size satisfies

C Ipll; > < Ipll; )
T=0 1+>0(1+_ =014+ —"1 ).
( n poe a(l')? poe ' (U — p)

C.4 Proof of Theorem 4

Proof overview. The proof has two parts. The first construction uses exponentially many possible
hidden catalogs and shows that any bounded soft report can return the user-optimal item for at most
one of them. The second construction uses paired coordinates and chooses the outside option so that
purchase probability is close to one for every bounded report. Changing reported match then has
very little effect, and hard filters succeed only when they correctly identify almost all of the target’s
hidden coordinates. If the hard filters are infeasible, dropping them does not help because the same
soft report is compared with products that still beat the target.

Proof. No hard filters. Fix any target loss sequence A; = o(d). Choose an integer k = ky
such that k& — oo, k = o(d), and k > 2A,. The construction uses three coordinate blocks: a
common liked block of size hg, a revenue block of size k, and a tail block of size m, with hg =
2m + [max{mg,0}] + 1 and ho + k + m = d. Thus m = ©(d) and hy = O(d).

Choose a code C C {0,1}" with minimum Hamming distance at least 2k and cardinality |C| =
exp(£2(d)). Such a code exists by a standard greedy packing argument because 2k = o(m). For
each hidden codeword u € C, define the catalog

Xy ={xfyU{x, :teC, t#u}, where z=(1",0"u), z; = (1", 1% ¢).

13
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Set user preferences to 1 on the common block, —1 on the revenue block, and 0 on the tail block. Set
po = 1, set price a > 0 on each revenue-block coordinate, and set all other prices to zero. Choose
a so that T := log(1 + ka) > k; for instance, take a = (e2* — 1)/k, which gives I' = 2k. Then
0 = 0 for every item, and p = a can be made arbitrarily large.

For catalog X, the target ;) has user match hg, while every decoy has user match hy — k. By
the definition of h(, both matches are at least m for all sufficiently large d. Hence every decoy has
MNL utility loss at least k/2 > Ag.

If the hidden codeword w is known, the target is inducible by the expressive report without hard
filters that assigns —1 to every common-block coordinate, assigns —1 to every revenue-block coor-
dinate, and assigns 2u; — 1 to the sth tail coordinate. Under this report, the reported score of every
relevant item is far below the fixed outside option for large d, so £’ is bounded below by a positive
constant on every interval. For every ¢ # u, the reported-match advantage of the target over x; is

k + Ham(u,t) > 3k.

Thus, by increasing the code distance constant if necessary, the target’s log-purchase advantage is
larger than I', and the target strictly maximizes the platform score.

Now fix an arbitrary expressive report without hard filters 8 € [—1,1]%. Let t(8) be a codeword
maximizing the tail inner product (S;,11,%) over t € C, with ties broken deterministically. If the
hidden codeword is u # t(8§), then the decoy Ty 5 belongs to &%,. The common block cancels, and

by definition of £(§),

(3,@5) — (8,2,) == Y 8+ (Bt u — H(8))
i€rev

<k.

Because / is one-Lipschitz, the target’s log-purchase advantage over this decoy is at most k, while
the decoy’s log-revenue advantage is I' > k. Therefore this report cannot return the target unless
u = t(8).

Draw w uniformly from C. For any deterministic adaptive algorithm, as long as the target has not
been returned, the response to a query § is the canonical decoy wt_(é) whenever u # t(§). Thus each
query can return the target for at most one hidden codeword. After ) reports,

Pr(target has been returned) < |ch|

On the complementary event, every observed item has loss greater than A ;. Hence

E[LOSSQ] > Ad <1 — |§Z’2|) .

Since |C| = exp(Q(d)), every @ = 2°(4) report algorithm has expected loss at least (1 — 0(1))A4.

Arbitrary hard filters when purchase probability is close to one. Let d = 2m, and group co-
ordinates into pairs (A;, B;) for j € [m]. Set S; = 1 for every coordinate. Choose k = kg with
k > 2A4and k = o(m), and set K = |m/2]. For each subset T' C [m], let (T") be the one-hot-
per-pair product that chooses A; if j € T and B; if j ¢ T. A hidden set U C [m] of size K defines
the target (U), and the common lower-utility family is

D:={x(T):|T|=K -k}

The catalog is Xy = {x(U)} UD. Setsa, = 1,55, =0,pa; =0,pp, = 1,po = 1,and 6, = 0
for every item. Choose

mg = —m — By, By = 3logd.
Every bounded report and every one-hot-per-pair product has reported score in [—m, m]. Therefore

1
V()< ———— < ¢ Ba for every z € [—m, m]|. 13
()_1+exp(Bd)_ Y [ ] (13)
The target has user match K, while every decoy has user match K — k. Since my = —m — By, these

matches are far above the outside option, and every decoy has MNL utility loss at least k/2 > A,
for large d.

14
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Fix an arbitrary report with hard filters and soft vector § € [—1,1]%. In the paired catalog, the hard
filters can be represented by two sets P, ) C [m]: P is the set of pairs forced to choose A;, and @
is the set of pairs forced to choose B;. If the hard filters are internally inconsistent, or if the target
does not satisfy them, then the target cannot be returned through the feasible set. If the feasible set
is empty, the platform drops the hard filters and evaluates the same soft report over the full catalog;
this is the case P = ) = () below.

Suppose first that the target satisfies the hard filters and | P| < K — k. Then there exists ' C U with
|T| =K —kand P C T. Since @ NU = 0, this T" also avoids @, so the decoy x(T") € D satisfies
the same hard filters. The target and this decoy differ in exactly k pairs, so their reported-match
difference is at most 2k. By (13), the target’s advantage from the £ term is at most 2ke B¢,

The decoy has k& more B-coordinates than the target, so its log-revenue advantage is

1+ (m—K+k) >c£

1
°8 1+4(m—-K) — m

for a universal constant ¢ > 0 and all large d, because k = o(m) and K = |m/2]. Since By =
3logd and m = ©O(d), we have 2ke P4 < ck/m for large d. Thus this decoy strictly beats the
target. The same argument applies after infeasible filters are dropped by taking P = Q = ().

Consequently, a query can return the target only if the target satisfies the hard filters and |P| >
K — k + 1. For a uniformly random hidden set U among all K-subsets of [m], any fixed P with
|P| > K — k + 1is contained in U with probability at most

K\ Kk
() < 97 (K=k41) — oxp(—0(d)).

m

Whenever the target is not returned, the platform returns an item from the common lower-utility
family, either before or after infeasible filters are dropped. This response is determined by the report
and not by the hidden set except on the exponentially small success event. A union bound over )
adaptive reports gives

Pr(Lossg < Ag) < Qexp(—£(d)) = E[Lossg] > A4(1 — Qexp(—Q(d))).

Thus every Q = 2°() report plan has loss at least (1 — o(1))A4 even with arbitrary hard filters. []

C.5 Proof of Theorem 5

Proof overview. The construction sets S; = 1 for every coordinate and J,, = 0 for every item. In the
sparse construction, the useful coordinates form a hidden g-subset, and a report must name almost
all of them to return the target. In the second construction, each block has four possible hidden
choices but the soft report has only three values, so any fixed report fails on a constant fraction of
blocks for most hidden catalogs. If the hard filters are infeasible, the same soft report is evaluated
over the full catalog and the same comparisons continue to apply.

Proof. Adaptive sparse ternary reports. Fix a target loss sequence A; = o(g). Choose k = ky
such that k — oo, k = o(q), and k > 2A,. Split the coordinates into two blocks G and B of size
m = |d/2|. Lets; = 1 on G and s; = 0 on B. For each hidden set U C G of size g, the target is

a% = 1y. The common lower-utility family is

D:={1auc:ACG,|Al=q—k, CCB,|C| =k}
The catalog is Xy = {:cﬁ} U D. Give the B coordinates a small positive price a > 0 and the G
coordinates zero price. Choose a small enough that, when U is known, the g-sparse ternary report

assigning +1 to coordinates in U and zero elsewhere induces the target: the target has reported-
match advantage at least k, while every decoy has only k small revenue coordinates.

The target has match ¢, and every decoy has match ¢ — k. Since my is fixed and ¢ — k — oo, both
matches are eventually above my, and every decoy has MNL utility loss at least k/2 > A,.

Now fix an arbitrary g-sparse ternary report, including hard filters. Let S C G be the useful coor-
dinates named favorably, meaning coordinates either hard-filtered to one or assigned positive soft

15
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value. Then |S| < ¢. Suppose |U N S| < ¢ — k. We show that the report cannot return the target. If
the target satisfies the hard filters, choose A C U of size ¢ — k containing all coordinates in U N .S
and avoiding every coordinate hard-filtered to zero. Next choose C' C B of size k avoiding every
coordinate in 3 that is hard-filtered to zero or assigned negative soft value; this is possible for large d
because the report names at most ¢ = o(d) coordinates while |B| = ©(d). The decoy 1 4uc belongs
to D, satisfies the same hard filters, has weakly larger reported match than the target, and has strictly
larger revenue. Hence it beats the target.

If the target does not satisfy the hard filters, then it cannot be returned through the feasible set. If the
feasible set is empty and the platform drops the hard filters, the same construction without the hard-
filter constraints gives a decoy in D with weakly larger reported match and strictly larger revenue.
Thus dropping the filters also does not return the target. Therefore a report can return the target only
for hidden sets satisfying |U N S| > ¢ — k + 1. For a fixed S of size at most ¢, the number of hidden
sets satisfying this condition is at most

k-1
q\(m-—gq
M =

> (")

£=0
where we have padded S to size ¢, which can only increase the count. The total number of hidden
sets is H = (7;). Standard binomial estimates yield log(H/M) = Q(qlog(d/q)) when k = o(q)
and ¢ = o(d). Now, draw U uniformly from all g-subsets of G. Unless a query returns the target, the
response is from the common lower-utility family or from the same common lower-utility family

after infeasible filters are dropped, and hence does not reveal the hidden set except through the
success event. Thus after T" adaptive reports,

M
Pr(target has been returned) < T T

Since every non-target recommendation has loss greater than A,

M
E[Lossr] > Ay (1 - TH> .

This proves that exp(£2(qlog(d/q))) reports are necessary for o(q) expected loss.

Non-adaptive ternary reports. Fix a target loss sequence Ay = o(d). Let d = 4m, and partition
the coordinates into m blocks of four coordinates, indexed by (b, 1), (b,2), (b,3), (b,4). Fix v €
(0,1/4) and set

sp1=1, spo=1—7, s3=1-27, s4=1-3.

For each hidden word u € [4]™, let x(u) be the one-hot product that chooses coordinate w;, in block
b. The catalog is
Xy :={x(v) : vy > up forall b € [m]}.

Thus «(u) is the unique user-optimal item. Set revenues to increase slightly from left to right in
each block, with the increments small enough that truthful expressive reporting still induces x(u)
when v is known.

Fix a ternary report with hard filters. If the hard filters leave a nonempty feasible set for a hidden
word u, let A, C [4] be the symbols allowed in block b. A symbol ¢ € [4] is good in block b if

i€ Ay, and §; >max{s;:j € Ay, j > i},

with the maximum over the empty set equal to —oo. Scanning allowed symbols from right to left,
each good symbol is a strict new record among the three values —1, 0, 1, so each block has at most
three good hidden symbols.

If a hidden block symbol is not good, then any platform maximizer moves strictly to the right in that
block: either the hidden symbol is infeasible, or some feasible rightward symbol has weakly larger
reported value and strictly larger revenue. Therefore, if a report is bad in B blocks for hidden word
u, every non-null returned product has match loss at least v B.

If the hard filters leave no feasible product, the platform drops them and uses the same ternary soft
vector with no hard filters. This is the same record argument with A; = [4] in every block, so again
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at most three hidden symbols per block are good. Hence, for every hidden word on which the report
obtains loss at most A, the hidden word must be bad in fewer than

blocks for either the comparison with the submitted hard filters or the full-catalog comparison after
infeasible filters are dropped. For a fixed report, the number of hidden words with fewer than r4 bad

blocks is at most
Z (m) qagm—a < 4me—cm
a

a<rg

for some constant ¢ > 0 and all sufficiently large m. Taking the union over the hard-filter and full-
catalog interpretations only changes the constant. Thus a fixed ternary report succeeds on at most
an e~ (") fraction of hidden words.

For a non-adaptive list of 7" reports and a uniformly random hidden word, the probability that any
report obtains loss at most Ay is at most Te~*("™)_ Since m = O(d), every non-adaptive T' =
exp(o(d)) strategy has loss at least (1 — o(1))A. This proves the non-adaptive lower bound. [

D Experimental design and additional results

D.1 Overview

We instantiate the reporting problem on two real-world product domains—laptops and cars. In
each domain, the platform has a hidden catalog of 32 products, each represented by d = 10 binary
features. The platform uses the true catalog price when selecting a product, while the user observes
only an approximate per-feature price model. We compare three reporting interfaces—filter-only,
ternary, and expressive—under truthful reporting and under a careful LLM user that chooses its
report strategically.

The experiment is single-shot. A user observes its preference vector s, submits one report, and
receives one recommendation. The platform ranks every filter-consistent product using

log(Price(x)) + w(8, x), w € {1/3,3}. (14)

Thus, a one-unit increase in reported match is equivalent to multiplying price by approximately 1.4
when w = 1/3 and by approximately 20 when w = 3. The two values of w compare a setting in
which the platform is more willing to trade user match for price against one in which reported match
has greater influence.

The experiments evaluate the paper’s main qualitative predictions in a deliberately demanding set-
ting. The platform uses true product prices, which are not exactly additive in the binary features; the
strategic user sees only a regression-based approximation; and the user does not observe the catalog
or the products’ true prices. Even with this limited information and only one report, the results re-
produce the main pattern: truthful expressive reporting can perform poorly when price has greater
influence, while expressive reporting is particularly effective when reported match has greater influ-
ence. A careful user can also improve substantially over truthful soft reporting, although aggressive
hard filters sometimes leave no feasible product.

D.2 Data sources and feature extraction

Laptops. We use a public dataset of 1,303 laptop specifications and prices maintained by 37De-
grees.! Each row contains the manufacturer, model, product category, screen description, CPU
string, RAM, storage configuration, GPU string, operating system, weight, and price in euros. We

parse the text fields as follows:

* RAM: extract the numeric value from entries such as “8GB” and “16GB.”
* Screen size: extract the numeric screen diagonal after removing quotation marks.
* Resolution: extract horizontal and vertical pixel counts from strings of the form 1920x1080.

"https://github.com/37Degrees/DataSets/blob/master/laptops.csv
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» CPU tier: flag strings containing i7, i9, Xeon, Ryzen 7, or Ryzen 9 as high-performance CPUs.

 Storage: extract every capacity/type pair and sum SSD, HDD, and Flash storage after converting
TB to GB.

* GPU: identify discrete GPUs using Nvidia, GeForce, GTX, RTX, Quadro, and AMD model
strings, while excluding integrated AMD APU graphics.

* Price: convert European decimal formatting to numeric values and convert euros to dollars using
a fixed factor of 1.1.

We exclude rows with missing or non-positive prices, weight above 5 kg, RAM outside
{2,4,6,8,12,16,24, 32,64} GB, or screen size outside [10, 18.5] inches. Table 1 gives the resulting
binary features.

Table 1: Binary laptop features.

Feature Rule Interpretation

High RAM RAM > 16 GB Power-user memory

Fast CPU 17/i9/Xeon/Ryzen 7/9 High-performance processor
Large screen Screen > 15 inches Desktop-replacement size
High-resolution display ~ Pixels > 1920 x 1080 Above-FHD display

IPS panel “IPS” in screen description Panel quality
Touchscreen “Touchscreen” in description ~ Touch input

Large storage Total storage > 512 GB Storage capacity

SSD SSD or Flash storage present  Storage technology
Dedicated GPU Discrete Nvidiay/AMD GPU Graphics capability
macOS Operating system is macOS Platform choice

Cars. We use the Cooper Union car dataset, which contains 11,914 vehicles with make, model,
year, engine specifications, transmission, drivetrain, vehicle size and style, market-category tags,
fuel economy, popularity, and MSRP.? Text fields are converted to lowercase before matching, and
numeric columns are parsed as numbers. We exclude observations with MSRP at most $1,000 or
above $500,000, non-positive or missing horsepower, or highway MPG outside (0,80]. Table 2
gives the ten binary features.

Table 2: Binary car features.

Feature Rule Interpretation

High horsepower HP > 250 Performance powertrain
Many cylinders Cylinders > 6 Above economy baseline
AWD/4WD Drivetrain is AWD or 4WD Drivetrain capability
Automatic Automatic, DCT, or CVT Transmission preference
Large vehicle Vehicle size is “Large” Body size

Fuel efficient Highway MPG > 30 Fuel efficiency
Luxury/high-performance  Market category contains “Luxury” Market segment
SUV/crossover Style contains “SUV” or “Crossover” Body type
Electric/hybrid Fuel type contains “electric” or “hybrid”  Powertrain

Four or more doors Doors > 4 Sedan/SUV versus coupe

D.3 Per-feature price model

In both domains, we estimate an approximate per-feature price vector from the full dataset, rather
than from the selected catalog. We regress log price on the ten binary features using Ridge regres-
sion:

~ -1

8= (XTX + I) Xy, y = log(Price). (15)
The regularization coefficient is one. Ridge regularization reduces instability from correlated prod-
uct features, such as high horsepower and many cylinders or fast CPUs and dedicated GPUs. The
platform nevertheless ranks products using their true prices. The estimated feature contributions are
shown only to the careful user as an approximation to how product features affect price.

’https://www.kaggle.com/datasets/CooperUnion/cardataset
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Table 3: Feature-price regressions for laptops and cars. The normalized magnitude divides the absolute coeffi-
cient by the largest absolute coefficient within the domain.

Domain  Feature Coef. % A price  Normalized magnitude  Avg. priceif 1 ~ Avg. price if 0
High RAM +0.293 +34.0% 0.693 $2,270 $1,025

Fast CPU +0.423 +52.6% 1.000 $1,772 $868

Large screen —0.154 —14.2% 0.363 $1,172 $1,351
High-resolution display +0.236 +26.6% 0.557 $2,141 $1,138

Laptops IPS panel +0.076 +7.9% 0.180 $1,547 $1,115
Touchscreen +0.094 +9.8% 0.221 $1,590 $1,175

Large storage +0.091 +9.5% 0.216 $1,434 $1,072

SSD +0.329 +39.0% 0.779 $1,450 $725

Dedicated GPU +0.232 +26.1% 0.549 $1,639 $1,047

macOS +0.248 +28.2% 0.587 $1,721 $1,228

High horsepower +1.200  +232.2% 1.000 $63,283 $20,756

Many cylinders —0.224 —20.1% 0.187 $51,357 $23,572
AWD/4WD +0.131 +14.0% 0.109 $47,688 $35,795

Automatic 40.599 +82.1% 0.499 $43,903 $26,512

Cars Large vehicle —0.073 —-7.0% 0.060 $52,577 $35,609
; Fuel efficient +0.428 +53.5% 0.357 $26,347 $44,847
Luxury/high-performance +0.487 +62.7% 0.405 $71,069 $24,303
SUV/crossover +0.101 +10.7% 0.085 $38,137 $40,024
Electric/hybrid +0.381 +46.4% 0.317 $49,800 $39,553

Four or more doors +0.004 +0.4% 0.003 $35,842 $48,210

Table 3 reports the raw log-price coefficient, the associated percentage price change, its normalized
magnitude, and the average price conditional on the feature. When a raw coefficient is negative, we
complement that binary feature before presenting price contributions to the user. For example, “large
screen” is replaced by “not a large screen.” This keeps the displayed feature-price contributions
nonnegative without discarding the information in the regression.

D.4 Catalog construction

From each full dataset, we construct a diversified catalog of 32 ~ [v/210] products.

1. Deduplication. Among products sharing the same ten-bit feature vector, retain a product from
the most frequently occurring manufacturer. Break remaining ties by the most recent year and
then the lowest price.

2. Furthest-first diversification. Initialize with the product whose continuous feature vector is
closest in L' distance to the coordinate-wise median. Repeatedly add the product maximizing
its minimum L' distance from the products already selected, until the catalog contains 32 items.
This is the standard maximin diversification heuristic of Gonzalez [21]. Continuous product
attributes are used for this step so that, for example, a 13-inch and a 15.6-inch laptop contribute
proportionally to the diversity criterion even if both later map to binary features.

The selected catalog and each product’s true price are hidden from the user.

D.5 User preference distribution

We calibrate the marginal distribution of preference coordinate s; from the empirical frequency g;
of the corresponding feature in the full product dataset. The interpretation is that the supply of a
feature provides a rough proxy for its population-level desirability. We set

si=27;—1,  Z; ~Beta(@h,(1—q)h), h=25, (16)

independently across coordinates. Thus E[s;] = 2@; —1. The concentration parameter i controls het-
erogeneity: larger values concentrate users more tightly around the population mean, while smaller
values place more mass near strong likes and dislikes. Table 4 records the feature frequencies used
for calibration. The displayed frequencies are rounded; sampling uses the underlying empirical
frequencies.

We draw 100 user preference vectors in each domain. The same 100 vectors are reused across all
reporting interfaces, strategy families, and platform scores within that domain, so comparisons are
paired at the user-type level. The independence assumption is a simplification: real preferences for
features such as horsepower and cylinder count, or screen size and resolution, are likely correlated.
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Table 4: Empirical feature frequencies used to calibrate preference distributions.

Laptop feature Frequency Car feature Frequency
High RAM 17.0% High horsepower 44.2%
Fast CPU 40.8% Many cylinders 57.5%
Large screen 64.4% AWD/AWD 31.6%
High-resolution display 9.7% Automatic 75.0%
IPS panel 28.0% Large vehicle 23.2%
Touchscreen 14.7% Fuel efficient 28.6%
Large storage 45.4% Luxury/high-performance 32.6%
SSD 70.5% SUV/crossover 24.9%
Dedicated GPU 31.9% Electric/hybrid 0.0%
macOS 1.6% Four or more doors 70.0%

D.6 Reporting strategies

Truthful baselines. The truthful strategies are deterministic and require no language model.

* Truthful filter-only. Select the & = 3 coordinates with largest |s;|. If s; > 0, require the feature
to be present; if s; < 0, require it to be absent. Set the soft report to § = 0.

* Truthful binary. Submit no hard filters and report §; = sign(s;) for every nonzero coordinate.
Sign rounding exaggerates weak preferences and can therefore reduce the platform’s ability to
trade a small loss in fit for a price increase.

* Truthful expressive. Submit no hard filters and report the full preference vector, § = s.

Careful LLM user. Gemini 2.5 Flash Lite acts as a careful user. For each user type, interface, and
platform score, the model receives:

* the true preference vector s together with natural-language feature descriptions;

* the platform’s exact product-selection rule;

* the approximate normalized per-feature price contributions from the Ridge regression;

* the approximate catalog size of 32 products; and

* an instruction to choose a report that maximizes the user’s true match, knowing that the platform
evaluates the reported rather than the true preferences.

The LLM does not observe the catalog or the products’ true prices. It returns a structured JSON
report (Fo, F1, 8) satisfying the chosen interface: § = 0 for filter-only, § € {—1,0, 1}¢ for ternary,
and § € [—1,1]? for expressive. A separate report is generated for the two experimental values of
w, allowing the careful user to account for the platform’s stated rule.

The following typeset template reproduces the substantive prompt; bracketed fields are filled sepa-
rately for each user and treatment.

You are a {domain} user. There are {D} binary features (0 or 1).
Features and your preferences:

£f0 ({feature description 0}): s0 = {s[0]}

f1 ({feature description 1}): s1 = {s[1]}

é{b—i} ({feature description D-1}): s{D-1} = {s[D-11}

Your utility is sum_i s_.i * x_i. Maximize this.
You do NOT know the {domain} catalog. Submit ONE report.

You know the platform selects the product x maximizing
log(Price(x)) + {match weight} * <reported preferences, x>.

The approximate per-feature price contributions are:

£0: po = {pl0l}

f1: p1 = {p[1l}

£{D-1}: p{D-1} = {pID-11}.
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Each one-unit increase in reported match has the same effect on the platform
score as multiplying price by approximately {price multiplier}.

If the filters leave the catalog empty, the outcome receives the lowest user
utility in the catalog.

Strategically choose your report to maximize YOUR true utility, knowing the
platform uses your REPORTED preferences, not your true preferences.

[Interface-specific output instructions follow.]

The interface-specific instructions require filtered coordinates to have zero soft weight and remind
the LLM that excessive filtering may leave no feasible products.

D.7 Platform response and evaluation

For a report (Fo, F1, §) and a coefficient w € {1/3, 3}, the experimental platform returns

& € argmax {log(Price(x)) +w(s,x)}, 17
x€X (Fo,F1)

with ties broken uniformly. If the hard filters leave no feasible product, the trial is assigned the
utility of the lowest-utility product in the realized catalog. This convention penalizes over-filtering
and makes the feasibility rate directly interpretable.

For every trial, we record:

* the recommended product’s true user match (s, );

* the oracle match maxge x (S, x);

* the gap between the oracle and recommended match;

* the true price of the recommended product; and

* whether the submitted hard filters leave a nonempty feasible set.

The full design crosses three interfaces, two strategy families, and two platform scores, yielding
3x2x2 = 12 cells per domain, plus the oracle benchmark. All reported means, standard deviations,
medians, and feasibility rates are computed across the same 100 user types within each domain.

D.8 Results

Table 5 reports the full results. Smaller gaps are better for the user. The filter-only truthful baseline
is identical under both platform scores because it sends no soft report. Figures 1 and 2 show the
distribution of utility gaps.

Truthful reporting. When w = 3, truthful expressive reporting performs best in both domains:
the mean gap is 0.009 for laptops and 0.147 for cars, compared with 0.234 and 0.348 for truthful
binary reporting. This is the benchmark in which preserving cardinal preference information is
valuable. When w = 1/3, the car results reverse. Truthful binary and truthful expressive reports
both have mean gap 1.953, whereas truthful filter-only reporting has mean gap 1.124. The platform
can use the soft reports to select higher-priced products that are worse matches; the coarser filter-
only report reveals less information about which tradeoffs the user will tolerate.

Careful reporting. For cars when w = 1/3, the careful ternary and expressive users reduce the
mean gap to 1.053 and 1.209, respectively, relative to 1.953 under either truthful soft report. Thus,
even a single strategic report can partially correct for price incentives without observing the catalog.
When w = 3, careful expressive reports retain a small median gap—zero for laptops and 0.016 for
cars—but are somewhat worse on average than truthful expressive reports. The LLM occasionally
over-corrects or over-filters when truthful reporting already closely aligns the platform’s recommen-
dation with the user.

Differences across domains. The car catalog has larger price differences across feature combi-
nations, and the contrast between truthful and careful reporting is correspondingly sharper. Laptop
outcomes are more similar across strategy families when w = 1/3. The feasibility rates also show
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Table 5: Car and laptop recommendation experiments. The outcome is the user’s match gap relative to the best
product in the hidden catalog. Feasibility is the fraction of reports whose hard filters leave a nonempty feasible
set.

Laptops Cars
w Strategy  Interface Mean Std.  Median Feas. = Mean Std.  Median Feas.
Filter-only 1.388  0.745 1.355 100% 1.124  0.767 0.985 100%
Truthful ~ Binary 1.065  0.633 1.034  100% 1.953  0.798 2.029 100%
1/3 Expressive 1.271  0.649 1.383 100% 1.953  0.798 2.029 100%
Filter-only 1.654  1.480 1.185 87% 1.117 1.215 0.737 87%
Careful Ternary 1.014 1.087 0.778 96% 1.053  0.983 0.855 98%
Expressive 1.149 1.035 1.067 95% 1.209  0.951 1.024 99%
Filter-only 1.388  0.745 1.355 100% 1.124  0.767 0.985 100%
Truthful  Binary 0.234  0.311 0.019 100%  0.348  0.379 0.247 100%
3 Expressive ~ 0.009  0.028 0.000  100%  0.147  0.265 0.000 100%
Filter-only 1.682 1416 1.263 88% 1.522 1.431 0.982 77%
Careful Ternary 0.480  0.932 0.099 9%  0.464  0.841 0.100 96%
Expressive ~ 0.221  0.864 0.000 9%6% 0317 0.718 0.016 96%
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Figure 1: Car experiments. Each interface shows the distribution of the user’s match gap under truthful and
careful reports across 100 user types. Smaller values are better.

a cost of strategic filtering: all no-filter truthful reports are feasible, while careful reports with hard
filters are feasible between 77% and 99% of the time. The lowest rate occurs for careful filter-only
reporting on cars when w = 3.
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Figure 2: Laptop experiments. Each interface shows the distribution of the user’s match gap under truthful and
careful reports across 100 user types. Smaller values are better.
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D.9 Scope and limitations

The experiments are designed to illustrate the economic mechanism rather than to measure the multi-
round interaction bound of Algorithm 1. Each user submits one report, so the results show what a
one-shot careful agent can accomplish but do not evaluate the grid of reports used by the positive
theorem.

Several additional limitations are worth noting.

1.

Approximate price model. True product prices are not additive in binary features and need
not be monotone in the feature set. The platform uses true prices, while the careful user sees
only a Ridge approximation. The reported improvement therefore depends on the approximation
preserving the product comparisons that matter for the user.

Linear and independent preferences. User match is linear in features, and preference co-
ordinates are sampled independently. Real product preferences can exhibit complementarities,
substitution, and correlation; for example, high horsepower and many cylinders or large screens
and high resolution may be jointly valued.

Static datasets. The data contain a single price and product snapshot. Promotions, time trends,
macroeconomic conditions, manufacturer strategy, and changes in product popularity are not
modeled.

Limited catalog information. The careful LLM receives neither the realized catalog nor a prior
over catalogs. Additional catalog information could improve its report, but would require a sep-
arate method for communicating that information compactly.

Hard-filter penalty. Empty feasible sets receive the lowest utility in the catalog. This makes
over-filtering costly and is intentionally conservative; alternative platform behavior after an in-
feasible query could change the performance of filter-heavy strategies.
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