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ABSTRACT

Contflicts of interest often arise between data sources and their users
regarding how the users’ information needs should be interpreted
by the data source. For example, an online product search might
be biased towards presenting certain products higher in its list of
results to improve its revenue, which may not follow the user’s de-
sired ranking expressed in their query. The research community has
proposed schemes for data sources to implement to ensure unbiased
results. However, data sources usually have little or no incentive
to implement these measures, e.g., their biases often increase their
profits. Thus, we propose a novel framework for querying in set-
tings where the data source has incentives to return biased answers
intentionally due to the conflict of interest between the user and
the data source. We propose efficient algorithms that reformulate
input queries to increase the amount of relevant information in the
returned results over biased data sources.
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1 INTRODUCTION

Large-scale data sources, e.g., online databases and LLM-powered
Al agents, are widely adopted across almost all sectors of our society,
and their influence on users’ decision-making continues to grow.
Due to financial, social, and political factors, the incentives of data
sources and their users are often not perfectly aligned. For example,
companies are often said to rework their recommendation and
ranking models to promote their own products and undermine
those of their competitors [7, 8].

Such incentives to manipulate information are inherent at some
data sources, such as shopping websites, which charge sellers a
‘referral fee’ that is a fraction of the price of items sold on its site [1],
so that it profits more when users buy higher-priced versions of
a given product. Cost-conscious users who re-sort the results by
price may have to wade through many undesirable results before
reaching the first good match.
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Example 1.1. A well-known shopping website (SW for short)
provides a product-search form with sorting options and checkbox
filters on attribute values such as brand, rating, and price range. On
the day of this writing, a search for ‘headset’ returns headphones
priced between $24.99 and $39.95 near the top of its Results section,
and the remaining items on the page were also headphones. When
re-sorted by price, the top hit on the first page is a charging cord,
followed by microphones, cables, and one $1.98 headset. Only on the
seventh page do headphones start to outnumber other accessories.

Data sources’ incentives to manipulate information may also
arise from non-financial considerations. To maximize user engage-
ment, some social media sites may promote extreme content, which
is not necessarily in anyone else’s best interest [9]. More gener-
ally, data sources may return information that is biased toward
or against controversial topics, political groups, or demographic
groups, e.g., giving a low rank to information related to these [6, 9].

In the aforementioned settings, data sources interpret the infor-
mation in user queries to take actions that do not exactly meet users’
preferences and objectives and, in fact, might largely deviate from
what users deem as desirable. Current proposals to combat undesir-
able data source actions usually require the data source to follow
and implement certain protocols [9]. For example, researchers have
proposed methods to remove bias and ensure fairness for data
sources to implement [9]. However, data sources often do not have
any incentive to implement these proposals because they conflict
with their objectives and business models. Some might also argue
that such restrictions limit the freedom to disseminate informa-
tion or conduct business and may not be ethical or have long-term
adverse impacts on our society.

Data sources and users do share at least one interest: a data
source would like to satisfy the information needs behind users’
queries well enough to keep them engaged. Users can leverage
this partial common interest and may combat manipulation by
modifying their queries so that the data source interpretations of
the submitted queries are those desired by users.

Example 1.2. Consider again the user in Example 1.1 who looks
for affordable headphones on SW. If the results are biased towards
relatively more expensive products, she can add a price cap to her
query. For example, when we reissued the SW headset query with
a $19 maximum price, the second result returned cost $21, but the
others on the first page cost less than $19. Thus, SW does not take
the user’s query literally, but they do influence the results.

But two can play at this game. The data source may be aware of
the fact that users know about its manipulations, e.g., users have
observed undesirable biases in their previous experiences. Thus, it
may reason that users aim at guiding its results towards the users’
desired results. Since it is not in the data source’s best interest to
accept the modified query as precisely the user’s true information
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need, the data source may try to recover the original intent behind
the modified query. For instance, it might also use its prior belief
about users’ intents, e.g., gained from external sources or previous
interactions with users, to interpret the true intent behind the
modified query. Consequently, users may reason about this process
and modify their queries further. The agents may reason and make
decisions based on possible strategies of each other iteratively to
find the best method to formulate and interpret queries.

Example 1.3. In Example 1.2, given that the user has added a
degree of bias in the modified query, the data source may reason
that the user has overstated their preference for headphones of a
particular price, just to offset the data source’s bias. Hence, it might
avoid placing such headphones in the top positions, as we saw
when SW still ranked a $21 headset second even after we limited
the price to $19 in Example 1.2. The user might counteract this by
further reducing her submitted maximum price for a headset.

We propose a framework that models the communication of the
user and the data source with conflicts of interest using queries
that return ranked lists of results. We present algorithms that lead
the aforementioned recursive reasoning of the users, e.g., client
or middleware agent, and data source to a stable state and return
relevant information for the original user query. Our preliminary
experiments on real-world datasets indicate that our algorithms
scale to large data. The proofs of our theoretical results are in [2].

2 FRAMEWORK

Our framework models the user and the data source as agents with
different objectives and uses research in game theory on how agents
with misaligned goals establish informative communication [3].

Query Language. Users express queries in languages such as SQL
that return ranked lists, e.g., via ORDER BY CASE. Our framework
also extends to other query languages.

Queries. The user has a true information need, i.e., their intent 7
and sends a query q. The data source interprets the query submitted

by the user to obtain its own desired query, i.e., interpretation f.

Page 1
id model  brand rating price best seller
e; Tune 770 ]JBL 4.5 149.95 Y
e; Q201 Soundcore 4.6 3999 N
e3 Al10Pro Sisism 4.7  39.50 N
ey Sports Haoyuyan 3.9 299.99 N
Page 3
id model brand rating price best seller
es3o Riff Skullcandy 4.8 21.99 N

Table 1: Returned results for q,,,, on SW

Example 2.1. Consider a user who queries SW to search for
headphones. The user’s intent 7 might be to view headphones
ordered by customer rating, which can be expressed as an SQL
query with an ORDER BY clause on rating. To express this in SW’s
real-world interface, the user would first type ‘headphones’ into the
search bar, then sorting by rating (qa¢ing)- As of this writing, when
we submit gy, to SW, the first page of interpretation f results
includes top-16 results representing a variety of brands and price
points, as partially shown in Table 1. The results page says that

it is showing only products with ratings of 4 and up, though the
Haoyuyan brand is rated 3.9. Additionally, a relatively expensive JBL
product is promoted to the top. Similarly, a Skullcandy headphone
is only returned on page 3 of results, though it is rated 4.8.
Strategies. User’s submitted query q is often a reformulation of the
user’s intent 7, e.g., to hide their intent or to offset data-source bias.
The user strategy is a mapping from intents to queries. The data
source interpretation is not equivalent to the submitted query. For
example, if the data source is biased, given g, it computes a biased
query f and returns the result of § on its database instance. The
data source strategy is mapping from queries to interpretation.

Example 2.2. Continuing with Example 2.1, to offset SW’s bias,
we submitted a different query q',y, that asked for non-major
brands (non-JBL) sorted by rating. This resulted in 4.8 and 4.9-
rated products from Skullcandy being listed 12th and 14th on the
first page, even though all the other products on that page were
only rated 4.7. Similarly, the first item on the third page was a 4.8
Skullcandy headset. However, when we searched for ‘headphones’
with SW’s default search order, no Skullcandy products appeared in
the first 10 pages of results. This inspires us to imagine a situation
where a data source is biased against products from a brand B and
demotes them in its interpretation f’,,,, of the ORDER BY clause,
e.g., ORDER BY CASE WHEN brand = ‘B’ THEN rating - .2
ELSE rating END DESC. In such a situation, if the user is quite
fond of products from B, a better submitted query for user’s intent
is q”rating ORDER BY CASE WHEN brand = ‘B’ THEN .2 + rating
ELSE rating END DESC. This lists all B products first, in rating
order, followed by other brands in descending order of rating. In the
SW interface, one could approximate this by first using the search
bar to query for “headphones”, sorting by rating, and then checking
the box to view Skullcandy headphones first. When we did this,
the first page of interpretation B, results were all Skullcandy
products, though they were not presented in rating order.

Utility Functions. The utility functions formalize the agents’ ob-
jectives. We denote the user’s utility and the data source’s utility by
U’ (z, p) and U (t, ), respectively. Each maps an intent 7 and an in-
terpretation f3 to a real value. When the agents’ objectives differ, U"
and U® may be maximized by different interpretations for the same
intent. To model this conflict, we assume the data source’s utility
includes a bias function b(e) that maps each tuple e of the relation
schema R to real values. We assume that both agents know each
other’s utility functions. Learning utility functions from interaction
traces is a separate problem. Researchers have proposed inverse
game theory and maximum-likelihood methods for learning the
utility functions from traces of past agent interaction [5].

Example 2.3. Continuing the running example, the user prefers
the data source’s results to match the user’s intent. To explain
this, let U" (7, B) = = Y. (r(e,7) — r(e, ﬂ))z, where r(e,.) denotes
the rank of the tuple e under a query. To explain the data source’s
objective for demoting brand B and promoting expensive prod-
ucts, let US(7, B) = = Y. (r(e,7) — b(e) — (e, ﬂ))z, where b(e) =
—1[brand(e) = B] + 1[price(e) > 100]. Then U*® is maximized by
ranking tuples in increasing order of r(e, 7) — b(e).

Utility of Strategies. The data source does not know the user’s
intent and only observes the query gq. However, we assume the



data source knows the prior over the user’s intent based on past
interaction. Given a submitted query g, the data source updates
its belief using Bayes’ rule [3], obtaining the posterior ®(z | q)
and then computes its expected utility E[U*(z, §’) | q]. The user’s
expected utility E[U” (7, §) | q] is over the data source’s strategy.
Equilibrium. An equilibrium is a stable state in which neither
agent can improve their utility by changing strategy. In equilibrium,
the user finds the query g that (partially) satisfies the user’s objec-
tive, ¢ = arg maxy E[U" (7, B) | ¢']. The data source returns results
based on an interpretation f that (partially) satisfies its objectives,
p = argmaxg E[U°(z, f’) | q]. An equilibrium is influential if the
data source’s results change based on the queries, and users can
combat manipulation by sending appropriate queries.

3 FINDING INFLUENTIAL QUERIES

The data source may steer results toward sponsored, high-margin,
or otherwise biased tuples. As a result, directly expressing an intent
may yield a ranked list dominated by promoted alternatives. In this
section, we first prove general conditions for finding a query that
leads to an influential equilibrium, i.e., an influential query, and
then propose an efficient algorithm.

Problem. Given the interaction setting (R, t,U", U®), find a query
that leads to an influential equilibrium

THEOREM 3.1. The interaction (R, t,U",U®) has an influential
equilibrium if and only if there are set-equivalent intents t # t’
and interpretations 8 # 8 such that, for both utility functions U’ €
{U", U}, either U' (7, f) > U'(r, f') and U'(¢', f’) > U'(7’, B), or
Ul(r, ') 2 U (r, B) and U' (7', ) = U' (7', B').

Theorem 3.1 gives conditions for the existence of influential
queries. Here, two intents over schema R are set-equivalent if they
return the same set of answers over all instances of R. However,
applying the theorem to find influential queries requires searching
over intents and interpretations, which is inefficient for expressive
query languages. We therefore focus on utility functions with addi-
tional structure. Due to space constraints, we present our results
for the quadratic utility functions of Example 2.3, which yields an
efficient algorithm. Extensions to other general classes of utility
functions are discussed in [2].

Relative rank constraints. A user aware of biased rankings
may need to communicate not only that a tuple e is preferred to
another tuple e’ in their intent, but that this preference is very
strong. Formally, for a result 7(I), let r(e, 7(I)) denote the rank of
tuple e, where smaller ranks are better. Given e, ¢’ € 7(I) and § > 1,
a relative rank constraint is r(e’, 7(I)) — r(e, r(I)) > 8. It says that
e is ranked at least § positions above e’ in the user’s intent.
Possible intent ranks. As discussed in Section 2, the data source
does not know the user’s intent 7, and therefore maintains a prior
over possible intents. Specifically, it maintains a prior over the
ranks of tuples in 7(I). Concretely, for each tuple e € 7(I), we
assume the rank r(e, 7(I)) is a discrete random variable supported
on [z] ={1,2,...,z} and is uniformly distributed on [z].

THEOREM 3.2. For an ordered tuple pair (e, e’), letb = b(e)—b(e’),

and define g(z, §) = %m. Let 5* (e, €’) be the smallest

integer § € {1,...,z — 1} satisfying g(z,6) — 1 < b < g(z, ), and

Algorithm 1 Finding Influential Queries

1: Input: interaction setting (R, 7, U",U?)

2: Output: query q‘S

3 V0

4: for each ordered pair (e, e’) in the rank domain do

5: Ab «— b(e) —b(e) > Theorem 3.2
6: Find the smallest §* € {1,...,z — 1} such that g(z, §*) > Ab

7 if 5* = Lorg(z,6*) —1 > Ab then

8: continue

9: ifr(e’,7) —r(e,7) > §* then

10: Ve—VuU{r(e,r) —r(e,r) > 6*}

11: else

12: Ve—VU{r(er)-r(e,r) 21-65*} > Lemma ??

13: return q‘s — Npev €

set 6*(e,e’) = L if no such integer exists. If 5* (e, e’) # L, then the
relative-rank constraint ist(e’, 7(I)) — r(e, 7(I)) > 6* (e, €’).

Theorem 3.2 provides a closed-form solution to find the relative
rank constraint between tuples. Informally, the theorem says that
the data source’s larger bias in favor of e’ requires the user to
provide stronger evidence that e truly outranks e’ in the intent, i.e.,
a larger §*. The following result follows from the theorem.

PROPOSITION 3.3. Ifthere exists a paire, e’ such that §* (e,e’) # L,
then the interaction has an influential equilibrium.

Definition 3.4. Given an intent 7 over an instance I of schema
R, a 8-query ¢° is any conjunction of relative rank constraints of
the form r(e’, 7(I)) — r(e, 7(I)) = 6, where 6 € Z. Equivalently, for
some set V C 7(I) X t(I) X Z,

@ =\ (D) ~xer(D) 2 5).

(e,e’,8)eV

Algorithm. Algorithm 1 constructs a query ¢° that is satisfied
by the input intent 7. Because the user may not know the ex-
act instance I, the algorithm operates over the rank domain in-
duced by the schema and the intent’s ranking attributes. For each
ordered tuple pair, it computes §* using Theorem 3.2. The final
query is the conjunction of the resulting pairwise constraints. Let
m= Hﬁzl |dom(A;)| denote the size of the domain induced by the
ranking attributes A;, ..., A;. In the worst case, when 7 induces a
total order, the algorithm examines m(m — 1) = O(m?) ordered
pairs. For each pair, it finds §* by scanning § € {1, ...,z—1}, which
takes O(z) time. Therefore, the overall time complexity is O(m?z).

Example 3.5. Suppose given a query over Headphones instance
I, Algorithm 1 outputs the query ¢° = (r(ez (1) —r(er, () =
1) A (r(es, z(I)) — r(es, (I)) = 1), This conjunction requires e
to be ranked above e; and e3 to be ranked above ¢4, but imposes
no constraint between the pairs {e;, e;} and {es, e4}. Hence, ¢° is
consistent with multiple ranked lists. For instance, qf (I):e1 < ez <
e3 < ey, qg (I) : e3 < e4 < €1 < ey both satisfy q‘s.

Limitations on query language. Supporting queries like ¢°
requires a language that can express constraint-based ranking spec-
ifications or a data source that accepts a union of ranking queries.
As discussed above, ¢® denotes the set of rankings. This set deter-
mines whether ¢° can influence the data source’s interpretation.
If it is empty, ¢° is uninfluential. If it covers the entire space of
queries, e.g., all permutations of tuples in the user’s intent, then



Table 2: Runtime by number of at-

Table 3: Runtime and utility gain across bucket sizes. Runtime is in 10~° seconds.

tributes. Runtime is in 1073 seconds.

Dataset Metric # Buckets

Dataset # Attributes 2 5 12 27 62 140 315 710 1065
1 2 3 Amazon Time 5.827 8.908 10.478 10.867 11.151 11.899 10.896 12.269 13.589

Utility Gain ~ 0.00 0.00 5006.90 5552.69  5842.18 5831.69 6318.94  6369.49  6383.91

Amazon 0.042 1.178 1473.642 Flichts Time 1.545 2.509 2.704 2.988 3.099 3.122 3.375 3.978 4.491
thhts 0.023  0.365 60.636 & Utility Gain 0.00 0.00 34777.80 39716.25 40732.95 40637.73 41025.24 41318.98 41576.12
PriceRunner 0.045 3.042 396.716 PriceRunner Time 1.633 2.432 2.832 3.077 3.078 4.883 3.608 4.419 4.809
Utility Gain ~ 0.00  5535.63 5692.93 5709.11 5722.53 5788.53 5788.53 5787.35 5787.35

¢° is again uninfluential. Only when ¢° rules out some rankings
but not all can it convey nontrivial information. Then users can
submit ¢%, and it leads the interaction to an influential equilibrium
(Proposition 3.3). However, our current query language (Section 2)
is focused on single SQL queries whose ranking is determined by an
ORDER BY clause. Such queries necessarily produce a single-ranked
list. To bridge this gap, we can randomly select one ranking from
the non-trivial set and submit its SQL encoding. Extending our
methods to other query languages is our ongoing work.

4 EMPIRICAL STUDY
4.1 Experiment Setup

Datasets. We evaluate our method on three real-world datasets of
varying sizes, domains, and conflict-of-interest scenarios.
Amazon: This dataset contains over 1.4M product listings with 11
attributes from Amazon [4]. We test for conflict of interest based
on attributes: rating, sales in the last month, and price.
PriceRunner: The dataset is collected from PriceRunner, a popular
product comparison platform [2]. It includes 35k product offers
with 7 attributes provided by different sellers. We test for conflict
of interest based on: seller, product model, and product category.
Flights: The dataset was scraped from EaseMyTrip, a flight booking
service provider [2]. It contains 300k flight bookings and 12 at-
tributes. We test for conflict of interest based on attributes: airlines,
days from trip, and price.

Generating queries. For each dataset, we generate queries us-
ing the conflict of interest attributes described above as candidate
ranking attributes. Each query has the form SELECT A_1, ...,
A_l WHERE Sel(q) ORDER BY A_1, ..., A_l,wherel € {1,2,3}.
Varying [ lets us study how our algorithm scales as the number
of attributes increases. The attributes Ay, ..., A; are used in the
ORDER BY clause, and we include the same attributes in the SELECT
clause for simplicity. The selection condition Sel(q) is a random
conjunction of up to three predicates over non-key attributes. Nu-
meric ranking attributes are ordered in descending order, while
categorical attributes use their order in the original dataset.
Bucketization. The complexity of Algorithm 1 depends on the
size of the rank domain induced by the intent’s ranking attributes,
which can be large when attributes have high-cardinality domains.
Following standard practice [6], we therefore bucketize attributes
with a large domain, e.g., price. We provide additional details in [2].
Since the selection of bucketization may affect the user’s utility and
the running time of our algorithm, we also evaluate this effect.
Baseline and metrics. We compare Algorithm 1 (IQ) against the
baseline that directly submits the user’s intent without reformula-
tion. With quadratic user utility, U"(, f) = = Xeer () (x(e, (D)) -

r(e, 7(I)))?. We report utility gain as U"(z, fig) — U’ (7, Bpase), S0
positive gain means that IQ reduces squared rank distortion relative
to the original query. To model data-source bias consistently across
datasets, we randomly sample normalized bias values from [0, 1]
and scale them to the domain of attributes in the query. All our
reported results are averaged over five runs.

4.2 Experiment Results

Impact of number of attributes on execution time. We study
how the rank-domain size affects runtime by varying the number of
ranking attributes from 1 to 3. Table 2 shows that the algorithm is
extremely fast for one and two attributes, with runtimes below 3.1
1073 seconds. Runtime increases for three attributes, as expected
from the larger search space, but remains practical: even the largest
case, Amazon, finishes in under 1.5 seconds.

Impact of bucketization on execution time and utility. We
evaluate bucketization on the highest-cardinality attribute in each
dataset. We use dyadic refinement, starting from two contiguous
buckets and repeatedly splitting buckets to obtain larger bucket
counts. For each level, we run Algorithm 1 (IQ) and evaluate the
resulting query on the full unbucketized domain, with a 10-minute
budget per level. Table 3 shows that IQ scales smoothly with bucket
size. Runtime remains below 14 x 1073 seconds across all datasets,
while utility gain rises quickly at small to moderate bucket sizes
and then plateaus. Thus, moderate bucketization captures most of
the utility gain with little runtime overhead.
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