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Abstract

We study how the design of testing institutions, encompass-
ing both the tests themselves and the procedures used to ad-
minister them, shapes selection outcomes in environments
with multiple criteria and strategic agents. We model the test-
ing agency as either a set of independent bureaucracies (each
test administered separately) or a joint bureaucracy (where
test order and personalization can be coordinated). Our mech-
anism design analysis shows that under a joint bureaucracy,
fixed-order sequential mechanisms with stringent tests are op-
timal for maximizing the probability mass of qualified candi-
dates selected. Furthermore, we demonstrate that personaliz-
ing tests through upfront communication, now increasingly
feasible via AI and automation, can select all qualified candi-
dates. Finally, we compare institutional settings and quantify
the value of controlling test order, showing that the benefit
depends critically on the distribution of testees and the strin-
gency of optimal tests. Our results contribute to the design of
robust, efficient, and fair testing systems in both human and
AI-mediated environments.

1 Introduction
Testing plays a central role in decision-making, from regula-
tory agencies evaluating financial institutions or firms to al-
gorithms screening job applicants or filtering online content.
Whether implemented by human bureaucracies or artificial
intelligence systems, testing aims to identify “qualified” en-
tities under uncertainty. But tests are rarely perfect: they of-
ten rely on unverifiable inputs, and testees may manipulate
their attributes at a cost. Recent research in economics and
AI has highlighted how strategic manipulation, even subtle,
can distort the goals of testing institutions (Hardt et al. 2016;
Perez-Richet and Skreta 2022; Cohen et al. 2023).
In this paper, we ask: How should we design the institu-

tion that administers tests, especially when multiple criteria
are involved? In particular, tests could be administered by
a joint bureaucracy or separately by independent bureaucra-
cies. Given the coordination power of a joint bureaucracy,
what is the optimal organization of a joint bureaucracy?
In particular, should tests be administered in a fixed order
or randomized? Should they be uniform across agents, or
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Figure 1: Regulatory requirements on a commercial bank

personalized based on upfront communication, for instance,
through AI-powered tools like chatbots or adaptive algo-
rithms? We develop a mechanism design framework to ad-
dress these questions, focusing on settings where agents can
strategically manipulate their performance across multiple
dimensions.
We begin with an example from the financial regulation

on commercial banks. After the global financial crisis, cen-
tral banks introduced multiple regulatory criteria to stabi-
lize the banking system, including the leverage ratio (Tier
1 capital to total assets) and the liquidity ratio (liquid as-
sets to net cash outflows over a 30-day period). Suppose that
the minimum requirement is 3% for the leverage ratio and
1 for the liquidity ratio. Then the requirement on the lever-
age ratio is: Tier 1 capital → 3% ↑ liquid assets + 3% ↑
other assets, and that on the liquidity ratio is: liquid assets →
net cash outflow. These requirements can be visualized in
the space of Tier 1 capital and liquid assets (Fig. 1), where
passing both thresholds places a bank in the regulatory ap-
proval region.
In Europe, banks report these ratios at different frequen-

cies: quarterly for the leverage ratio and monthly for the liq-
uidity ratio. This mismatch has led to documented cases of
“window dressing”, temporarily reducing liquid assets be-
fore the quarter-end to inflate the leverage ratio, then re-
plenishing them afterward (Bassi et al. 2024; Egelhof, Mar-
tin, and Zinsmeister 2024). In response, the European Cen-
tral Bank (ECB) raised regulatory requirements on selected
banks.1 While these behaviors are legal, they reflect strategic

1In particular, a P2R leverage ratio add-on was applied to six
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manipulation in response to predictable, rigid testing proce-
dures.
More broadly, this example illustrates a core challenge:

the ECB seeks to pass qualified banks and fail unqualified
ones (selection accuracy), but is limited to using (1) tests:
rules for evaluating performance, and (2) a testing proce-
dure: how and when tests are administered. In practice, tests
are often applied in a fixed sequence, but alternative de-
signs are possible. For instance, under independent bureau-
cracies, each test is administered by a separate testing party,
and the testee chooses the order. Under a joint bureaucracy,
the testing party can coordinate tests, fix or randomize the
order, or even personalize tests for each agent. We analyze
this broader design space through a mechanism design lens.
Our framework encompasses fixed-order, random-order, dis-
closure decision, and personalized sequential testing proce-
dures. Personalization is becoming increasingly feasible via
AI systems. It allows the testing party to tailor tests based on
cheap-talk communication, enabling greater flexibility and
cost-efficiency.
While motivated by financial regulation, our results apply

directly to modern AI systems that serve as testing agents.
From automated hiring tools and credit scoring models to
content moderation and personalized education platforms,
these systems evaluate agents based on multiple criteria,
often using unverifiable information. As AI systems grow
more interactive and adaptive, strategic manipulation, test
sequencing, and institutional structure become central de-
sign concerns. Our work provides a general framework for
designing such testing systems, whether human, algorith-
mic, or hybrid.
Our main findings are as follows. First, fixed-order se-

quential mechanisms with stringent tests are optimal for
maximizing the probability mass of qualified candidates se-
lected (selection efficiency, Theorem 1). Under the same
tests, fixing the test order leads to more agents passing both
tests. However, it requires more stringent tests to exclude
unqualified agents. We show that the choice of tests and
the testing procedure cannot be separated: the set of feasible
tests under a random-order procedure is typically larger, but
we construct a fixed-order mechanism that dominates any
random-order one. This involves a novel two-step construc-
tive argument, detailed in Section 3. Interestingly, the opti-
mal tests may aggregate attributes differently from the true
criteria, leading to non-parallel tests.
Second, personalizing tests can improve selection effi-

ciency without sacrificing accuracy (Theorem 2). We con-
struct two fixed-order procedures with different tests. Each
excludes unqualified testees, and together they admit all
qualified ones. With upfront communication, for instance,
via chatbots, the testing party can assign testees to the ap-
propriate procedure without running two rounds of testing.
This enables cost-efficient implementation without sacrific-
ing accuracy.
Third, comparing institutional designs, we analyze the

value of controlling test order. Any equilibrium under inde-
pendent bureaucracies (where testees choose the order) can

banks (European Central Bank December 19 2023).

be implemented under a joint bureaucracy. But giving tes-
tees control over sequencing introduces a tradeoff: it reduces
the cost for some qualified testees but may force the testing
party to raise thresholds to block manipulation by unquali-
fied ones. Whether this tradeoff is beneficial depends on the
distribution of types and the stringency of optimal tests.
Our work is closely related to Cohen et al. (2023), who

compare simultaneous and fixed-order testing mechanisms.
We build on their insights but expand the scope in two key
directions: first, by considering a broader class of sequential
mechanisms, including randomized and personalized proce-
dures; and second, by explicitly modeling the institutional
organization of the testing agency, whether tests are coor-
dinated or decentralized. These extensions are particularly
relevant in AI-mediated environments, where adaptivity and
personalization are technologically feasible.
To summarize, we study how the design of tests and test-

ing procedures affects selection under strategic behavior.
Our results apply to a wide range of settings, from bank-
ing oversight to automated decision-making, and offer new
insights into how institutional design interacts with informa-
tion and manipulation in complex evaluation systems.

2 Model
We study the design of testing institutions that evaluate
whether an agent (henceforth he) possesses desirable at-
tributes. The agent’s true attributes (type) are denoted by
x0 ↓ X = Rd, for any d → 2, and are privately known
to him. The testing parties only observe the distribution:
x0 ↔ F . The agent can strategically modify his attributes
to a different vector x at a cost C(x0,x). In large parts of
the paper, we will assume that C(x0,x) = ω · ↗x ↘ x0↗2,
where ↗ · ↗2 is the the Euclidean norm and ω = 1 without
loss of generality.2 The true attributes x0 remain unchanged;
only the altered attributes x are used in testing.
There are two testing parties, i ↓ A,B, each with a crite-

rion defined by a linear constraint hi = {z ↓ Rd : wi · z →
0}. An agent is said to be qualified for party i if his true at-
tributes satisfy x0 ↓ hi. Let ε denote the angle between the
separating hyperplanes of the two criteria.
Each party i selects a test h̃i, also defined by a linear con-

straint. A test determines whether the agent’s attributes (pos-
sibly manipulated) at the time of the test belong to the half-
space h̃i. That is, the tests apply to current altered attributes,
not the true ones. We analyze two institutional settings:

Independent bureaucracies. Each party independently
selects a test h̃i. The agent observes the tests and chooses
the order in which to take them.3 Suppose the agent chooses
t1 ↓ {A,B} to take first, and t2 as the second. He can
change his attributes from x0 to x1 before taking the first
test, and from x1 to x2 before taking the second test.

The total cost is denoted by c(x0,x1,x2). In most of the
paper we assume additivity: c(x0,x1,x2) = C(x0,x1) +

2The scaling constant ω can be normalized to 1.
3Because the testing parties operate independently, it is natural

to assume they cannot coordinate on the testing order.
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C(x1,x2). The agent wants to pass the tests and receives a
payoff of 1 upon passing. His utility is

1
[
x1 ↓ h̃t1 ≃ x2 ↓ h̃t2

]
↘ c(x0,x1,x2). (1)

Here, 1 [·] denotes the indicator function of the set [·].
Each party i aims to maximize the probability that a qual-

ified agent (i.e., one with x0 ↓ hi) passes the test, subject to
the constraint that no unqualified agent is ever selected:

max P[selecting qualified agent]
s.t. no unqualified agent is selected;

(PI )

This lexicographic preference reflects settings where false
positives are significantly more costly than false negatives.
Such settings are common in regulation, hiring, and safety-
critical applications.

Joint Bureaucracy. Now suppose the two parties act as a
single principal. The principal’s criterion is the intersection
H = hA ≃ hB , illustrated as the shaded region in Fig. 1.
The principal chooses two tests (h̃A, h̃B) and implements a
sequential mechanism, deciding the order in which the agent
is tested.4
Let t1 ↓ {A,B} denote the first test, chosen by the prin-

cipal with probability q. When the test order is determin-
istic (q ↓ {0, 1}), the sequential mechanism is described
by the tuple s = (h̃A, h̃B , q), meaning that test h̃A is ap-
plied as first with probability q, and test h̃B as first with
the complementary probability.5 When the order is stochas-
tic (q ↓ (0, 1)), the sequential mechanism is described by
s = (h̃A, h̃B , q,D). Here, D ↓ {h̃1,⊋} indicates whether
the identity of the first test is revealed to the agent after it is
applied, and h̃1 ↓ {h̃A, h̃B} denotes the first test performed.

The agent can again change his attributes twice: (1) from
x0 to x1 before the first test, and (2) from x1 to x2 before
the second test. When q ↓ (0, 1), the agent only knows that
h̃A will come first with probability q when choosing x1. If
D = h̃1, he learns the first test realized before choosing x2;
otherwise, he proceeds under uncertainty.
The agent’s expected utility under a sequential mecha-

nism is

E
{
1
[
x1 ↓ h̃1 ≃ x2 ↓ h̃2

]
↘ c(x0,x1,x2)

}
,

where the expectation is taken over both the randomness in
test order and the agent’s decision.
The principal’s objective is PI , now interpreted as max-

imizing the probability that a qualified agent in H passes
both tests, subject to the constraint that no unqualified agent
ever does.
We will now recap the timeline of the game induced by

any mechanism: (1) The principal commits to a sequential
mechanism s. (2) The agent first chooses x1. (3) A random

4The principal can replicate the independent bureaucracy out-
come by allowing the agent to choose the order, so we focus on
settings where the principal uses this control strategically.

5Note that (h̃A, h̃B , q) = (h̃B , h̃A, 1→ q).

device determines the test order, and test h̃1 is applied. (4)
If D = h̃1, the identity of the first test is revealed. (5) The
agent choosesx2. (6) Test h̃2 is applied. (7) The agent passes
the tests if both tests are passed: x1 ↓ h̃1 and x2 ↓ h̃2, and
the game ends.6

3 Optimal Organization of A Joint
Bureaucracy

First, we show that the optimal sequential mechanism offers
the two tests in a known, fixed order.
Theorem 1. For any distribution F , the optimal sequential
mechanism uses:
1. Stringent tests h̃A and h̃B , such that h̃A≃h̃B ⇐ hA≃hB;
2. A fixed-order procedure.
We define a test as stringent if it is stricter than the true

criterion. When there is only one criterion, stringency cor-
responds to raising the threshold, as discussed by Perez-
Richet and Skreta (2022). However, with multiple criteria,
stringency involves the intersection of tests being strictly
contained within the original qualified region: h̃A ≃ h̃B ⇐
hA ≃ hB .7

In addition to selecting the tests, the choice of testing pro-
cedure has a surprising and nontrivial impact on outcomes.
To formally compare procedures, we define one procedure
to be more stringent than another if, under the same tests, it
selects a smaller set of types (or selects with lower proba-
bility). This definition allows us to rank procedures by strin-
gency.
We establish the following hierarchy of procedures: First,

random-order without disclosure is more stringent than
fixed-order: Under the same tests, the set of types who can
pass both tests with cost no larger than one is larger under
the fixed-order procedure (see Fig. 2).
Second, random-order with disclosure is also more strin-

gent than fixed-order, although the relation is more sub-
tle. While the set inclusion relation does not hold (Fig. 3),
the probability measure of types who pass both tests with
cost no greater than one is smaller under a random-order
procedure with disclosure than under the fixed-order pro-
cedure. To show this, consider an arbitrary (hA, hB , q, h̃1)
for q ↓ (0, 1). We introduce a mixed mechanism, which is
a convex combination of two fixed-order mechanisms: with
probability q, offer (hA, hB , 1); with probability 1↘ q, offer
(hA, hB , 0). It dominates the random-order one in terms of
selection efficiency by applying a similar set inclusion argu-
ment. The construction of the mixed mechanism determines
that it is dominated by one of the fixed-order mechanisms.
Third, random-order without disclosure is more stringent

than random-order with disclosure. For instance, in Fig. 3,

6Of course, if x1
/↑ h̃1 and the mechanism discloses the first

test, the agent fails the first test, and the game could end at this
point.

7One might conjecture that stringency requires each test to be
a stricter version of the original (i.e., h̃i ↓ hi for i ↑ {A,B}).
However, as shown in Fig. 5b, non-parallel tests can outperform
parallel ones under certain distributions.
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hBhA

O

++

(hA, hB ,
1
2 ,⊋)

(hA, hB , 1)

Figure 2: Random-order without disclosure is a more strin-
gent procedure than fixed-order. The area in blue and in red
are types with profitable strategies to pass both tests under a
random-order procedure without disclosure (hA, hB ,

1
2 ,⊋),

and that under a fixed-order procedure (hA, hB , 1), respec-
tively.

type C can exploit the disclosure if the first test happens to
be hA, in which case he can pass both tests at cost 1. Without
disclosure, C’s expected utility from using the same strategy
is negative, and C would not be selected.
Since both the stringency of the tests and the procedure

affect outcomes, the key design question becomes: Which
combination is optimal? While fixed-order procedures can
help qualified agents get selected more easily, they also
lower the barrier for unqualified types. The latter restricts
the set of feasible test pairs under fixed-order procedures
compared to random-order ones. Ex ante, it’s unclear which
configuration is optimal.
Our main result resolves this tension. We show that the

optimal mechanism combines the least stringent testing pro-
cedure, fixed-order, with stringent tests. We establish this via
two constructive arguments that handle random-order mech-
anisms with and without disclosure: Lemma 1 shows that
any feasible random-order mechanism with disclosure can
be weakly dominated by one of two fixed-order procedures
using the same tests. Lemma 2 addresses the more chal-
lenging case of random-order mechanisms without disclo-
sure, where feasible tests can be non-parallel. We construct
two fixed-order mechanisms using one original and one ad-
justed test. Although proving feasibility is delicate, we again
show that one of the two dominates in terms of selection ef-
ficiency. Together, these results imply that a fixed-order pro-
cedure using well-chosen stringent tests is optimal, even in
the face of strategic manipulation.
Lemma 1. Suppose the random-order mechanism with dis-
closure (h̃A, h̃B , q, h̃1) is feasible. Then the two fixed-order
mechanisms (h̃A, h̃B , 1) and (h̃A, h̃B , 0) are feasible and
one of them is (weakly) better than the random-order mech-
anism with disclosure.
We claim that the set of tests feasible for random-

order mechanisms with disclosure is the same as that for
fixed-order mechanisms. The challenge of this proof comes
from that fixing the tests, neither of the two fixed-order
mechanisms is directly comparable to any random-order
mechanisms with disclosure (Fig. 3). Our proof strategy
is to leverage a mixed mechanism: Given any random-
order mechanism with disclosure (h̃A, h̃B , q, h̃1), consider

hBhA

O

++

A

C
→

C

A

B
C

hBhA

O

++

A

C
→

C

A

B

Figure 3: Random-order procedure with disclosure vs fixed-
order procedures. The area in blue, red, and green are types
with profitable strategies to pass both tests under a random-
order procedure without disclosure (hA, hB ,

1
2 ,⊋), and that

under fixed-order procedures (hA, hB , 1) and (hA, hB , 0),
respectively.

hA

+ hB+
h̃A h̃B

x0 •

Figure 4: Feasible non-parallel tests for random-order mech-
anism without disclosure

a mixed mechanism that offers the fixed-order mechanism
(h̃A, h̃B , 1) with probability q and (h̃A, h̃B , 0) with proba-
bility 1↘q. Applying a set inclusion argument, we show that
the mixed mechanism dominates the random-order mech-
anism with disclosure. Then, applying a probability argu-
ment, we show that one of the fixed-order mechanisms dom-
inates the mixed mechanism.
Lemma 2. Fix any feasible random-order mechanism with-
out disclosure (h̃A, h̃B , q,⊋). Then there exist two feasi-
ble fixed-order mechanisms: (h̃A, h

+
B , 1) and (h+

A, h̃B , 0).
Moreover, one of them is (weakly) better than the random-
order mechanism without disclosure.
As we have eluded earlier, the set of tests feasible for

random-order mechanisms without disclosure is usually
larger. Let us use Fig. 4 to illustrate. Under the random or-
der mechanism without disclosure (h̃A, h̃B ,

1
2 ,⊋), every se-

lected agent uses a one-step strategy to pass both tests to-
gether. Hence the set of attributes being selected under this
mechanism is the blue region and h̃A ≃ h̃B . Since the blue
region is contained in the qualified region, this mechanism is
feasible. However, since h̃i is not parallel to hi, i ↓ {A,B},
the corresponding fixed-order mechanisms are not feasible.
To see this, consider the unqualified attributes x0 ↓ h̃B that
are very close to hA but do not satisfy hA. Because the tests
are non-parallel, we can always find such x0 so that its cost
to pass h̃A is less than one. This implies that the fixed-order
mechanism with h̃B as the first test is not feasible. Similarly,
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we can argue that the fixed-order mechanism with h̃A as the
first test is not feasible.
Given this challenge, we construct two fixed-order mech-

anisms, each uses one original test (h̃A or h̃B), one con-
structed test, and a careful choice of test order. Showing that
both constructed fixed-order mechanisms are feasible ( with-
out selecting any unqualified agent) is technically challeng-
ing. However, after this step, we show dominance with the
help of a mixed mechanism as discussed above. All omitted
proofs are in Appendix C.

4 Personalized Mechanisms: Joint
Bureaucracies with Communication

We now consider the optimal design of a joint bureau-
cracy when the principal can personalize testing procedures
based on agent-specific information. Such personalization
becomes feasible when agents and the principal can engage
in cheap-talk communication: costless messages exchanged
before test selection.
Advances in automation and AI make such interactions

increasingly practical. Digital platforms can collect struc-
tured inputs (e.g., preferred formats or test orderings), and
conversational agents, such as chatbots or automated advi-
sors, can tailor bureaucratic processes dynamically.
Formally, let (M, s) denote a sequential mechanism,

where M is the message space and s : M ⇒ T maps mes-
sages to sequential testing procedures. A direct mechanism
setsM = X , and the mechanism becomes a menu of testing
procedures: < h̃A(m), h̃B(m), q(m), D(m);m ↓ M >.
Given such a mechanism, each agent selects a message

m ↓ M and a strategy to manipulate their attributes be-
fore taking each test to maximize their utility under the
assigned procedure s(m). The following result shows that
cheap-talk personalization enables a principal to select all
qualified types, achieving the first-best outcome.
Theorem 2. When up-front communication is available,
there exists a feasible fixed-order sequential mechanism that
selects all and only the qualified types for any distribution
F .
The proof is constructive. Let h+

i , i ↓ {A,B} denote the
test obtained by shifting hi along its normal vector wi by a
distance of 1 (Fig. 5a), and letO+ be the intersection of their
boundaries. Define a rotated test ĥB by rotating h+

B around
O+ until its boundary bisects the angle between h+

A and h+
B .

This rotation ensures the new classifier shares a boundary
pointO with hA and hB , the true criteria. Now compare two
fixed-order procedures: (h+

A, h
+
B , 1), which applies stringent

parallel tests h+
A before h+

B ; and (h+
A, ĥB , 0), which applies

one rotated, non-parallel test ĥB before the stringent parallel
test h+

A. The first procedure misses the triangle-like region
OAB. This region, however, is covered by the second pro-
cedure. Offering a menu of the two procedures allows the
principal to cover the full qualified region without selecting
any unqualified types.
An alternative to the cheap-talk approach is to run both

procedures in sequence and accept any agent who passes

hA

+

hB+

O

h+
A

h+
B

O+A

Bloss

(a) (h+
A
, h

+
B
, 1)

hB

D

E
hA

+
ĥB

+

h+
A

C

+

loss

(b) (h+
A
, ĥB , 0)

Figure 5: A menu of procedures

either one. However, this doubles the testing workload. By
contrast, via cheap-talk communication, the appropriate test
can be assigned ex ante. This maintains full selection ef-
ficiency while halving testing costs. As the advancement
of automated tools makes implementing personalized tests
technologically feasible, our finding underscores the poten-
tial of AI tools to enhance the efficiency and scalability of
bureaucratic processes in evaluation, certification, and regu-
lation.

5 Independent Bureaucracies vs. Joint
Bureaucracy: The Value of Test Ordering

We now analyze equilibrium outcomes under independent
bureaucracies, a setting where each testing agency (A and
B) independently selects its own test. The agent strategically
chooses how to present themselves in each test to maximize
their chance of selection.
Unlike the joint bureaucracy setting, where the principal

designs a unified sequential mechanism, independent bu-
reaucracies lack coordination. Nevertheless, any equilibrium
under independent bureaucracies can be implemented by a
joint bureaucracy that delegates test order to the agent. This
equivalence enables us to isolate the design value of control-
ling the test order itself.
Let h†

A, h
†
B denote the equilibrium tests under indepen-

dent bureaucracies, and let S† be the probability mass of
qualified agents who pass both. Likewise, let h→

A, h
→
B be the

tests in the optimal sequential mechanism under the joint
bureaucracy, and let S→ be the probability mass of qualified
agents selected.

Proposition 1. If h→
A, h

→
B ↓ {h+

A, h
+
B}, then there exists

an equilibrium under independent bureaucracies such that
S† > S→.

If either h→
i /↓ {h+

A, h
+
B} or h†

i /↓ {h+
A, h

+
B} for some

i ↓ {A,B}, the comparison between S† and S→ depends
on the distribution F .

Strategic Behavior and the Cost of Controlling Test Or-
der. To prove the first part, we characterize the agent’s best
response under any pair of tests. Suppose the mechanism
uses test hA first, followed by hB . Any agent whose true at-
tributes satisfy both tests passes without manipulation. But
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A
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x0 x̃

x2

x1
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Figure 6: Agent’s best response in (hA, hB , 1)

an unqualified agent has multiple strategic options: (1) one-
step manipulation: directly adopt attributes in the intersec-
tion of tests. (2) Two-step manipulation: pass one test with a
manipulated profile, then shift again to pass the second.
A powerful geometric insight (adapted from Cohen et al.

2023) is that the agent’s optimal two-step manipulation can
be visualized by reflecting their true type x0 across the first
test boundary. The minimal-cost path aligns when this re-
flected point x̃, the first manipulated point x1, and the sec-
ond manipulated point x2 are co-linear (Fig. 6). This mirrors
Fermat’s principle in optics, where a light beam reflects to
minimize path length.
As shown in Cohen et al. (2023), for agents in the region

OBCB↑, the two-step strategy is strictly cheaper than the
one-step move to O, due to the triangle inequality. The chal-
lenge in our problem is that when the testing order is un-
known (in random-order mechanisms) or up to the choice of
the agent (under independent bureaucracies), a third option
can also be optimal: The agent can adopt attributes x1 ↓ hB

for the first test, and after passing the first test, adopt yet
other attributes x2 ↓ hA (right panel in Fig. 3). Our proof
idea is to first characterize the set of types with a cost no
larger than one under each option, then the union of the three
sets contains all types that will be selected.
Crucially, in independent bureaucracies, agents are free to

choose the test order, enabling not only the A-to-B path, but
also the reverse. Hence, if h+

A, h
+
B are the equilibrium tests,

the set of agents selected in equilibrium includes: (1) those
in h+

A≃h+
B ; (2) those who can reach the intersection h

+
A≃h+

B
at cost no larger than one; (3) those whose cost for the two-
step strategy: x1 ↓ h+

A and x2 ↓ h+
B is no larger than one;

and (4) those whose cost for the two-step strategy: x1 ↓ h+
B

and x2 ↓ h+
A is no larger than one.

In contrast, the optimal mechanism under joint bureau-
cracy fixes a test order. So only one manipulation path is
available, excluding some agents (either (3) or (4)) selected
under independent bureaucracies. This flexibility advantage
is the benefit of independent bureaucracies.
To complete the proof, consider the best equilibrium us-

ing h†
A, h

†
B under independent bureaucracies. We argue that

if h+
A, h

+
B are the optimal tests under the joint bureaucracy,

then the best equilibrium under independent bureaucracies

(h+
A, h

+
B may not be the equilibrium tests) must be weakly

better than the optimal sequential mechanism using h+
A, h

+
B .

This is because the optimal joint mechanism with agent-
chosen test order uses the best equilibrium tests h†

A, h
†
B .

Since tests h+
A, h

+
B are also feasible under the joint mech-

anism with agent-chosen test order, the optimal tests must
select more potential qualified agents.

The Benefit of Controlling Test Order. The second part
of Proposition 1 highlights the downside of losing control
over the test sequence. When the tests in the optimal sequen-
tial mechanism under joint bureaucracy are not h+

A, h
+
B , it

implies that either they are not very stringent, or only a spe-
cific order is feasible. For example, in Fig. 5b, the optimal
mechanism uses a non-parallel test ĥB , which excludes all
unqualified types when paired with h+

A as the second test.
But in independent bureaucracies, this test cannot be safely
used: unqualified agents could game the order and pass both
tests with low effort, making ĥB not feasible.
Hence, control over test order allows the joint bureau-

cracy to employ a larger set of tests, improving selection
efficiency. But this comes at the cost of the agents, which
potentially reduces access for some qualified types. Propo-
sition 1 suggests that when the optimal tests under the joint
bureaucracy are h+

A, h
+
B , there is a negative value of control-

ling the order of tests. However, when one optimal test is
not h+

A or h+
B , then the value of controlling the order of tests

depends on the distribution.

Implications for AI and Automated Institutions. In-
dependent bureaucracies mirror decentralized platforms,
where each subsystem makes decisions based on its own al-
gorithm or classifier. Joint bureaucracies correspond to cen-
tralized systems that coordinate components and fix decision
pathways. Modern AI tools can help resolve this tradeoff:
When a system can infer the best test order for each type
(possibly via cheap-talk), it restores flexibility while main-
taining centralized control.

6 Discussions
Investment. In AI-driven institutions, such as hiring plat-
forms, educational testing, or online certification systems,
designers increasingly aim to promote real skill acquisition
rather than superficial optimization. In this subsection, we
switch gear and consider the investment setting. The invest-
ment setting captures this modern shift: we don’t just want
people to “game” the algorithm; we want them to improve
in meaningful ways.
As before, the agent starts with x0 and can invest effort

to attain x at a cost C(x0,x). The key difference is that we
assume that an agent’s new attributes x become their true
attributes in the investment setting. While the agent’s strate-
gic incentive remains unchanged, the designer’s goal shifts:
instead of screening manipulators, the principal now wants
to encourage agents to become qualified.
This subtle but crucial change in institutional objective

calls for different design. Under a mild geometric condition,
we show that a random-order sequential mechanism without
disclosure achieves the first best in the investment setting.
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Theorem 3. If ε → 30↓, for any distribution F , then the
random order mechanism without disclosure (hA, hB ,

1
2 ,⊋)

achieves the first best.
The key insight lies in how agents respond to uncertainty

in test order. When the angle ε between test boundaries is
sufficiently large, every agent who ultimately gets accepted
under this mechanism finds it optimal to invest directly
in a one-step strategy, choosing attributes that pass both
tests simultaneously (Lemma 11 in Appendix E). This prop-
erty ensures selection efficiency. This mechanism highlights
the benefit of coordination: It leverages randomness and
non-disclosure to induce genuine improvement. All omitted
proofs are provided in Appendix E.

More tests do not help. In the manipulation setting,
adding more tests only makes a procedure more stringent
and it is counter-productive. Suppose the principal offers test
h1 and h2 repeatedly. For simplicity, suppose the first test is
h1, the second is h2 and the third is h1. For those types that
find it profitable to pass both tests together under a fixed-
order procedure with two tests, adding an extra test does not
change their incentives. For those types that find it profitable
to pass one test at a time, adding a third test only makes it
more costly. Hence, the benefit of the fixed-order procedure
is diminished with more tests.

7 Relation to the Literature
We contribute to the literature on designing algorithms that
interact with strategic agents, stemming from Brückner and
Scheffer (2009); Hardt et al. (2016). Prior studies in this
area primarily examine the impact of strategic behavior in
response to a classification algorithm (i.e., a linear test). We
are most related to Cohen et al. (2023). They studied how
the agent can exploit the sequential ordering of tests in fixed-
order sequential mechanisms to achieve a favorable outcome
at a limited cost. The main differences are twofold. First,
building on Cohen et al. (2023), we conduct a comprehen-
sive mechanism design analysis that encompasses random
sequential mechanisms and personalized procedures, which
are central to three key results in our paper (Theorem 1, 2,
and 3).8 Second, we explicitly model the institutional orga-
nization of the testing agency, incorporating scenarios where
tests are coordinated or decentralized. We discuss additional
related work in Appendix A.
We also contribute to a line of work that considers multi-

round decision-making and screening processes, where de-
cisions are made sequentially and each stage can influence
subsequent outcomes (Bower et al. 2017; Dwork and Il-
vento 2019; Dwork, Ilvento, and Jagadeesan 2020). How-
ever, these works focus primarily on fairness rather than the
strategic behavior of agents. Harris, Heidari, and Wu (2021)
study a multi-round testing model involving strategic agents.
The principal aims to maximize the investments of agents,
where the agent’s utility is the sum of scores across all tests.

8It is worth noting that Theorem 4.4 of Cohen et al. (2023) im-
plicitly assumed that optimal tests are shifted parallel tests. In con-
trast, we identify scenarios where the optimal tests are not shifted
parallel tests.

This additive formulation enables each stage to be analyzed
independently. In contrast, the agent’s utility in our setting
depends on the final outcome, i.e., whether they pass all
tests. Thus, the agent’s incentives are influenced by the en-
tire structure of the testing pipeline.

Conceptually, our paper is closely related to an Eco-
nomics literature on test design where the agent can take hid-
den action to affect the outcome of the test. Perez-Richet and
Skreta (2022) study a setting where the agent’s type is one-
dimensional and the principal can use only one test, while in
our setting, the agent’s attributes are high-dimensional and
the principal uses two tests to select the agent. The multi-
dimensionality introduces a new tradeoff on setting tests
and determining a testing procedure. We also study a set-
ting where the agent invests, which is not studied by them.
Deb and Stewart (2018) study the design of adaptive testing,
where the choice of the next test depends on the history of
previous tests and their outcomes. In their model, the agent
has a discrete type and selects independent effort levels in
[0, 1] for each test. They characterize the optimal mechanism
in terms of test informativeness. Frankel and Kartik (2022);
Ball (2025) study settings in which the principal aims to in-
fer the agent’s quality (natural type) based on their manipu-
lation effort to minimize the quadratic loss. While the quality
in their settings is similar to the original attributes in our ma-
nipulation setting, the objectives of the principal differ sig-
nificantly. Moreover, they focus on studying a linear scoring
rule under different commitment settings (i.e., whether the
principal commits to the rule before the agent acts), rather
than on the sequencing of multiple tests.

8 Conclusion

Testing institutions, whether human or algorithmic, increas-
ingly face the challenge of evaluating agents across multi-
ple criteria using imperfect, and often unverifiable, informa-
tion. In such environments, strategic manipulation is a pre-
dictable response to rigid and transparent testing procedures.
We develop a mechanism design framework to study how
the sequencing, coordination, and personalization of tests
can mitigate manipulation and improve selection. We show
that fixed-order mechanisms with carefully chosen tests can
outperform randomized procedures, and that personalizing
tests via cheap-talk communication can achieve selection ef-
ficiency. We show that institutional structure matters. While
independent bureaucracies leave the flexibility to agents,
joint bureaucracies enable better control over manipulation
by coordinating test orders.

Although motivated by financial regulation, our frame-
work applies broadly, from automated hiring to algorithmic
credit scoring. We highlight that the effectiveness of testing
institutions depends not only on what is tested but also on
how testing is organized and administered. Careful institu-
tional design, leveraging both economic insights and mod-
ern AI capabilities, can help align incentives and build more
robust evaluation systems across domains.
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