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Abstract

Recent policy proposals aim to improve the safety of general-purpose Al, but
there is little understanding of the efficacy of different regulatory approaches to Al
safety. We present a strategic model that explores the interactions between safety
regulation, the general-purpose Al technology creators, and domain specialists—
those who adapt the technology for specific applications. Our analysis examines
how different regulatory measures, targeting different parts of the Al develop-
ment chain, affect the outcome of this game. In particular, we assume Al tech-
nology is characterized by two key attributes: safety and performance. The reg-
ulator first sets a minimum safety standard that applies to one or both players,
with strict penalties for non-compliance. The general-purpose creator then invests
in the technology, establishing its initial safety and performance levels. Next, do-
main specialists refine the Al for their specific use cases, updating the safety and
performance levels and taking the product to market. The resulting revenue is then
distributed between the specialist and generalist through a revenue-sharing param-
eter. Our analysis reveals two key insights: First, weak safety regulation imposed
predominantly on domain specialists can backfire. While it might seem logical to
regulate Al use cases, our analysis shows that weak regulations targeting domain
specialists alone can unintentionally reduce safety. This effect persists across a
wide range of settings. Second, in sharp contrast to the previous finding, we ob-
serve that stronger, well-placed regulation can in fact mutually benefit all play-
ers subjected to it. When regulators impose appropriate safety standards on both
general-purpose Al creators and domain specialists, the regulation functions as a
commitment device, leading to safety and performance gains, surpassing what is
achieved under no regulation or regulating one player alone.

Introduction

As Generative Artificial Intelligence (Al) and related technologies gain traction, there is an increas-
ing number of proposals for regulation to improve safety. Many of these proposals must at some
level grapple with the following question: Who should be targeted with Al regulation—the producers
of general-purpose Al models' or the domain-specialists who adapt the technology for specific use
cases? There are seemingly reasonable positions that favor regulating one entity, the other, both, or
neither. For example, the downstream domain specialists and deployers are some of the last entities
to exert influence on the technology before it interacts with consumers directly, so it is perhaps rea-
sonable that regulation for consumer safety might target requirements at these entities. In contrast,
the upstream entities developing general-purpose models exert impact on these models earlier in

'Such Al models are at times referred to as “foundation” or “frontier” models [Bommasani et al., 2021,
Anderljung et al., 2023]. Throughout this paper, we will use the technology of general-purpose Al to refer to
large-scale models that can be adapted to a wide range of tasks and domains.
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their development trajectories, facilitating or hindering downstream adoption, which might justify
certain regulatory requirements including disclosure mandates Longpre et al. [2025] and liability
standards. Of course, even regulations that solely target one of these actors might impact the other,
because their incentives and decisions are intertwined.

We have seen variants of these debates play out as different jurisdictions and policymakers have
proposed various regulatory approaches to Al. A number of existing regulation proposals leverage
the observation that Al is developed by multiple, interacting actors. Examples include Colorado’s
Al Act, California’s Senate Bill 1047, and the EU AI Act. These frameworks attempt to define the
relevant actors, such as base developers and downstream deployers, in order to design conditions
and stipulations for determining whether and to whom liability standards, disclosure requirements,
or other interventions apply. These conditions and stipulations vary across proposals and policies,
with possibly significant implications for the incentives of the players involved in the development
of Al technologies and applications.

Modeling the impact of regulatory regimes on AI performance and safety. Given that there
are a range of different possible approaches to targeting Al regulation and assessing the impact of
each alternative empirically is prohibitive, formal models can enable reasoning about the various
regulatory impacts. This paper puts forward a strategic model of the interactions between a general-
purpose technology producer (G) and a domain specialist (D), building on the “fine-tuning games”
model proposed by Laufer et al. [2024]. As the two actors develop an Al technology, they each
decide whether and how to invest in two key attributes of technology: performance, denoted by «,
and safety, denoted by 8. We assume these actors are operating in a market; each actor experiences
some cost for their investment in safety and performance, and obtains a share of the revenue out of
the deployment of the Al product/service in the market.

To provide some intuition for what this investment pattern might look like, imagine a firm, G, pro-
ducing a general-purpose language model that may be used in three domains — say, by healthcare
providers (D), law firms (Ds), and financial services (D3). The general-purpose developer moves
first, and in light of the particular costs she faces and the anticipated responses from the downstream
players, she chooses a certain strategy, represented by a pairing of performance and safety invest-
ments (g, Bo). Once this investment has been made, the attributes of the technology at this stage
can be thought of as akin to a ‘base camp,” from which domain specialists may choose to climb fur-
ther by investing their own effort toward improving the technology’s safety and/or performance in
their respective domains. Of course, each domain faces their own delicate balance of safety risks and
performance costs, so the ultimate safety and performance pairs (c, 5;) (i = 1,2, 3) differ across
the three domains. See Figure 1 (a) for a visualization of the investment decisions make by G, D1,
DQ, and D3.

Equipped with this intuition about how these actors behave in an unregulated market, we now turn
to our notion of regulation. We conceive of regulation as shaping the game in which players choose
their strategies. In particular, this paper will focus specifically on safety regulation. We assume
regulation imposes a constraint in the form of a lower bound on the players’ choice of safety in-
vestment (i.e., 3;’s). If a player does not meet the regulatory lower bound on safety, they will be
penalized. This regulatory regime can be described using two parameters (6, 0 ), representing the
set of thresholds constraining the strategy space of G and D, respectively. The regulation can target
the domain-specialist only (¢ = 0,0p > 0), the generalist only (0¢ = 0p > 0), both players
(@p > 0g > 0), or neither (g = 6p = 0). In addition to the decision of who to target, of course,
the regulation encodes a decision about what level to set the safety standards. Smaller values of
are less costly to comply with, and hence capture weaker safety requirements.

First insight: Weak safety regulation can backfire. Turning back to our example in Figure 1,
we observe that something striking happens in the second panel, which depicts a scenario where
regulation is targeted at the domain-specialist. In this scenario, the safety investment has gotten
worse. How could safety regulation — a simple floor dictating a minimum investment level — lead
to a less safe product? The mechanism leading to this phenomenon arises because the generalist G
is aware of the regulatory safety requirements imposed on domain-specialists, and can use it to her
advantage. When the regulator requires that a technology meets a certain level of safety investment
by the time it reaches the market, the generalist has an opportunity to engage in a sort of free-
riding behavior. The generalist is comfortable setting up the base camp at lower altitude, because
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Figure 1: An instance of our model with one general-purpose producer and three domain-specialists.
Regulating the domain-specialist alone (upper right) exhibits backfiring for all three domains, mean-
ing the regulated safety level is lower than it would be without regulation. Regulating the generalist
alone (lower left) improves the safety level slightly compared to no-regulation. Finally, a regime that
targets both generalist and specialists with regulation (lower right) is able to 1) retain the improved
safety performance from regulating the generalist, 2) improve the safety level of least-safe domain-
specialist, while 3) avoiding backfiring.

she knows that the domain-specialist nonetheless has to climb to a level of investment that complies
with regulation.

The scenario described above depicts a single instance of a more general phenomenon, which we
describe as regulatory backfiring. A safety regulation backfires if it yields a total investment in safety
lower than the safety investment achieved with no regulation. We identify a number of properties of
this phenomenon — for example, backfiring only occurs when the regulation is weak, meaning the
floor on safety is at or below the level reached in the absence of regulation. Backfiring can occur
when D is targeted with regulation or when both G and D are targeted with regulation, but does
not occur when only G is targeted. Our results suggest that this non-monotonic effect of regulation
occurs for a broad set of games with different cost and revenue functions. Analytically, we prove
that backfiring occurs for all quadratic-cost games in which the players invest any non-zero amount
in both performance and safety without regulation.

Second insight: Properly-placed safety regulation can improve the technology and the players’
utilities. While weak regulation targeted predominantly at the domain-specialist can backfire, our
results suggest that other regulatory regimes fare better. When safety standards are directed at both
G and D with appropriate strength, regulation can improve not just safety, but the utilities of both
players, defined as their revenue share minus their investment cost. This result might seem unintu-
itive: Regulation only reduces the set of choices available to each actor in our model, so how can
regulation lead to choices that mutually benefit both generalist and specialist? What is stopping the
players from choosing utility-optimal strategies in the absence of regulation? The reason this phe-
nomenon occurs is a Prisoner’s Dilemma-style result: The players’ unregulated strategies, which are
chosen to maximize their individual utility, fail to yield the strategies that that are globally optimal
for both players. By constraining the actors away from the strategies that enable this kind of selfish
behavior, regulation can act as a commitment device. The generalist can increase her investments in
safety with the assurance that the domain specialist will contribute, too, rather than free-ride off of
G’s efforts.

Games can exhibit both backfiring and mutualistic regulations, depending on who is targeted and
at what threshold. For example, Figure 2 depicts a particular instance of our game setting with
one generalist and one domain-specialist. For the particular cost and revenue functions depicted,
backfiring regulations and Pareto-improving regulations are possible, and the regulations yielding
these effects are visualized. This figure represents a systematic sweep of all pairs of thresholds
directed at the generalist, the domain specialist, or both. The pair of thresholds (0, 0) corresponds
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Figure 2: Simulated results for an example of two-player Al regulation model with quadratic costs.
Players make costly investments in performance and safety (visualized on left), and then receive
some share of revenue that comes from the total investment levels. The players’ utilities — defined
as their share of the revenue minus the cost of their investment — is visualized for the Generalist
(second from left) and the Domain-Specialist (third from left). Colors represent different utility out-
comes depending on different combinations of regulatory constraints (6, ) which constrain the
players’ safety investments. The game is solved over a grid of plausible regulations: ¢ € [0, 1.25],
0p € [0, 2.5] using increments of 0.005, with a total of 105,651 simulated regulation games. Regu-
lations that lead the players to abstain are depicted in black. There exists a region where non-zero
regulation yields lower safety than no regulation (highlighted on leftmost plot). There also exists a
region where regulation yields improvements to each players’ utility (highlighted on two center
plots). The rightmost plot summarizes our results by showing the backfiring and mutualism out-
comes in the ¢, 0p space. Parameter values for producing the plot: Cyp = Cy = Iz, 7o =753 =1,
and § = 0.5.

to the case of no regulation. The safety implications of various regulations are depicted using a
red-yellow-green color scale in the leftmost plot, while the utility implications for the generalist
and specialist are depicted using a purple-green-yellow color scale in the center plots. Compared
to the safety and utility values at the origin points, the backfiring and Pareto-improving regions are
regulations which lead to lower safety and higher utilities for both players, respectively. Although
this figure depicts an example of a single game, our analysis proves that these backfiring and Pareto-
improving regulations exist for a broad class of games with quadratic costs. Namely, we find that
backfiring occurs in all games in which the market incentivizes some non-zero investment in both
performance and safety without regulation. Our characterization of when this phenomenon occurs
includes separable scenarios (where the cost of investing in performance is independent of the cost
of investing in safety), complementary scenarios (where investing in one makes the other cheaper),
and weakly interfering scenarios (where the cost of investing in one makes the other more expensive)
up to a certain bound, which we specify. We provide similar bounds for the mutualism results.

Related work

AI Safety Regulation. The rise of Al-related incidents have motivated several Al incident repos-
itories to keep track of common risks [McGregor, Abercrombie et al.]. Scholars have attempted
to taxonomize Al harms to make sense of the growing array of incidents Weidinger et al. [2022],
Shelby et al. [2023]. Some existing Al risk taxonomies organize risks primarily by domains. These
include risks to the physical or psychological well-being of people, human rights and civil liber-
ties, political and economic structures, society and culture, and the environment Abercrombie et al.
[2024]. Others categorize these risks based on how they arise, including malicious use, malfunc-
tions, or systemic effects from wide adoption Bengio et al. [2025]. In our stylized model, we capture
all such considerations using a single scalar that can be toggled by players through investments in
safety. Common themes in policy drafts and recommendations stress the importance of balancing
the goals of innovation and risk reduction, appropriately defining and targeting thresholds, and the
impacts on incentives Chayes et al. [2025], Gaske [2023].

Game-theoretic models of AI development. A line of work uses formal models to reason about
the strategic and social implications of machine learning (e.g., Hardt et al. [2016], Liu et al. [2022],
Blum et al. [2021], Harris et al. [2021], Donahue and Kleinberg [2021]). More recently, there have
been proposals for using modeling approaches to understand the social and safety implications of
generative Al Dean et al. [2024], Sun et al. [2025]. Attempts to model the development process of
generative Al often make use of the observation that development is sequential and involves multiple
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interacting actors Cen et al. [2023]. Many existing works explore different strategic aspects of the
market for Al using a stackelberg game. For example, Taitler et al. [2025] use a sequential game
to explore incentives for data-sharing. Further time-steps, players and decisions have been added to
explore particular topics, including the level of openness and market entry dynamics Xu et al. [2024],
Wu et al. [2025]. Taitler and Ben-Porat [2025] introduce a particular notion of regulation in a related
game-theoretic setting, and similar to our paper, they conceive of regulation as a restriction on the
strategy space for developers of generative Al. Though work explicitly examining the interaction
between performance and safety attributes in this setting is limited, Jagadeesan et al. [2024] explores
the interaction between these attributes in a linear regression setting in order to understand firms’
market entry decisions.

A Model of Regulating AI Safety

Here we offer a formal model for analyzing the effects of regulation on the development of Al ap-
plications. Our model is a sequence of sub-games between two players. Each player will choose
whether and how to contribute to the technology at a certain point in the development of the tech-
nology, and some revenue is received depending on the ultimate attributes of the technology. The
players are constrained by regulatory floors on safety, which will be set exogenously by a regulator.

Players. A general-purpose producer, referred to as G, invests in a technology that may be adapted
by domain-specialist(s), referred to as D;. The generalist is the first to invest in the technology,
meaning that before G moves, the technology’s attributes begin at value 0. Each specialist D; makes
an investment after the generalist has moved.

Technology. We say a technology is described by one or more non-negative attributes v € R?. In
this paper, we are interested in two attributes in particular: performance and safety. Unless otherwise
specified, we assume d = 2 and that v = [«, 5] where « refers to performance and (3 refers to safety.

Economic interests. Each player, acting in a way that maximizes their self-interest, invests some
non-zero amount in the technology. G invests to vy and each D; further invests to ;. Accordingly,
each must pay a cost for their investment, ¢o(vo) and ¢;(7y;;70), respectively. After both players
invest, they share a revenue that is brought in as a function of the ultimate attributes of the technology
in domain 4, ;(y;). We assume that, for some ¢; € [0, 1], G gets d;7;(y;) in revenue and D; gets
(1 — &;)7ri(7yi). 0; could either be exogenously fixed and given ahead of the game play, or it can be
the result of bargaining between G and D;. When we analyze a game with only one specialist, we
will drop the subscript and use 9.

Regulation We model regulation as imposed exogenously on the environment. Regulation is a min-
imum constraint on the safety investment that the players make. A regulation that targets G’’s invest-
ment is characterized by a value 6 € R™. A non-zero regulation would constrain G's strategy such
that y9[1] > 6O¢. A regulation targeted at the domain-specialist, similarly, would take the form 6p
and lead the domain-specialist to be constrained in their strategy so ;[1] > 6p.

Gameplay. The game proceeds as a sequence of subgames:

* Regulation {0¢, 0p} is announced.

* (G chooses to either abstain or invest in the technology, bringing it to vo = [ ﬂo ] .
0

. . . . T o
* D, chooses to either abstain or invest in the technology, bringing it to y; = { ﬁl‘ ] .
7

* The technology brings in revenue r;(+y; ), which will be shared such that G receives d;7;(7;)
and D receives (1 — 6;)r; (7).

The utilities of the players are given below:

Ug := Z5iri(%) —¢o(v0); Up, := (1 — 0:)ri(vi) — #i(vi;%0)-
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The best-response sub-game perfect equilibrium strategy for the generalist and specialist, respec-
tively, can be expressed as the following optimization problems:

Y = argmax., Ug s.t.80 > 0g;
;i :=argmax, Up, s.t.0; > Oc.

Finally, the players will opt to abstain, if they prefer O utility to any other feasible strategy. If
either player chooses to abstain, then both players receive 0 utility.

Closed-Form Solutions

In this section, we analyze our regulation game where players’ cost functions can be expressed as a
two-degree quadratic equation. Specifying a quadratic function over two attributes requires defining
a matrix of cost coefficients. The cross-terms in this matrix represent how investments the attributes
interact with one another. For the technical portions of the paper, we use the case of one domain
specialist (D) as our focus. We therefore have the following cost and revenue functions:

$o(70) = 75 Coo,

$1(71370) = (1 — WO)TC1(’Y1 —70),
r(n) = TT’Yl»
e o= am reslan anlo-ln ]
The players’ utilities can thus be expressed as:

U = 6r"y1 — 7§ Cono,

Up = (1= 6)r"y = (71 =) Ci(n = )

It should be noted that not all values for the above parameters correspond to realistic or in-
teresting scenarios. For example, we assume that the diagonal entries of both cost matrices
0,05 €0,88> C1,aa» C1,33 Ar€ Non-negative, to capture that investments in goods like safety and per-
formance should have non-zero increasing cost. Although the cross-terms of the cost matrices can
be negative, we require that cp .3 > —+/€0,aaC0,38 and c1 o > —+/C1,aaC1,38; since it should
not be that some combination of investments in «;, 5 come at negative cost. Each players’ choices
over « and S should be considered as simultaneous across the two attributes, representing a joint
optimization over performance and safety.

We start by providing sub-game perfect equilibria strategies in the case with no regulation, and then
provide solutions for the regulated game. After stating the solved subgame perfect equilibria strate-
gies, we will move to a slate of numerical results and findings analyzing the effects of regulation.

Subgame perfect equilibria strategies without regulation The no regulation solutions provided
below can be seen as a strict generalization of the Fine-Tuning Games solutions Laufer et al. [2024]
to games with two attributes that can interact.

Proposition 0.1. Given an Al regulation game with quadratic costs, no regulation, and revenue-
sharing parameter 6, domain specialist D’s subgame perfect equilibrium strategy is one of the values
in the following set:

(1—=0)rq
* (1-0) ~—1 @0 ap + Beran (&%)}
7 ER Yo+ —=C, By + 1-&rs |, [ 5 1 | B

QClﬁg

The strategy is the feasible candidate which maximizes Up, subject to Up > 0,1 > «, 51 > Bo-

Proposition 0.2. Given a two-player Al regulation game with quadratic costs, no regulation, and
revenue-sharing parameter 9§, G’s best-response is one of the following candidates:

e {iore & L[5 L8]}
Y0 {2 0 20025 0 0

The strategy is the candidate which maximizes Ug, subject to Ug > 0,Up > 0,1 > 0,51 > 0.
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The proofs of the above two propositions are given in the Appendix. The solutions offer intuition
about the set of strategies players might opt to take. They may venture in the direction of some
combination of performance and safety, that is, move to a point that does not reside on either con-
straint. Or, alternatively, they may creep along the axes constraining their strategy space, and invest
minimally in either performance or safety.

When do the players prefer one of these strategies over another? In general, our solutions are pro-
vided as sets of candidates because there are multiple intersecting constraints that must be checked
to ensure a given candidate is optimal. However, our analysis reveals classes of games in which the
market will lead players to invest in both safety and performance in conjunction under no regulation.
We make this claim formal below.

Remark 0.3. Given the Al regulation game with quadratic costs, no regulation, and revenue-sharing
parameter § € (0, 1). If any player p’s cost interaction term satisfies the following inequalities:

. Cp, g Cp,pBT
Cp,ap < Min (Mcznomcpﬁﬁ7 %7 1’“) 7

el rg

then their best-response strategy includes non-zero investment in both performance and safety.

This claim is proven in the Appendix. The broad intuition is that the first of these inequalities estab-
lishes the costs are strictly convex, and the second two ensure that the player’s cost interactions are
not so positive that investing in both performance and safety is prohibitively expensive compared
to investing in one or the other alone. The claim offers some intuition for when a player prefers to
invest in both attributes together, even without regulation pushing them to invest in safety. It covers
all games in which the cost interactions are negative, which we call the complementary scenario,
meaning it is cheaper to invest in both performance and safety together than to invest in each individ-
ually. It further covers all games in which the cost interactions are zero, which we call the separable
scenario, meaning there is no benefit or loss to investing in both attributes in conjunction. Finally,
it covers certain instances where the cost interactions are positive, which we call the interfering
scenario, meaning safety investments make performance more costly, and vice versa.

Subgame perfect equilibria strategies with regulation. For brevity, we refer the reader to the Ap-
pendix for the best-response strategies, since they take space to state and are somewhat clunky. The
form of problem we are dealing with is a continuous, not-necessarily-convex optimization problem
with a constant number of constant-degree polynomials in a constant number of variables. Broadly,
the strategy is to put forward a small number of candidate points that must be checked using a limited
number of steps. These checks can be implemented numerically.

Computational results

Here we describe a set of numerical tests and demonstrations to explore the strategies in our game,
using the solved strategies from the previous section. Our analysis here is focused on the existence
of a persistent facet of the model concerning the way the players shift their strategies in response to
regulation. With the knowledge that one player or the other is required to meet a regulatory floor,
agents can choose their strategies accordingly. In a variety of cases, we observe that the strategies
shift in a way that lowers the ultimate safety investment compared to safety attained under no regu-
lation. This effect — which we term backfiring — is observable in cases where the regulation is weak,
meaning it imposes a floor that the players already meet under no regulation.

This section starts by demonstrating the existence of this effect. We then discuss its persistence in
cases where players can flexibly choose how they share revenue via a linear contract. Finally, in
stark contrast to the observation that regulation can backfire, we find that regulation can act as a
commitment device, unlocking strategy sequences that mutually benefit the players.

Our computational findings are organized around three main observations, with accompanying fig-
ures. Our observations are enumerated below.

Finding 1: Regulation can backfire. This game is separable, meaning there are no interaction ef-
fects between performance and safety, and it assumes the market without regulation places equal
value on performance and safety. Figure 3 depicts the players’ strategies in this game, for varying
levels of regulation targeting the Domain-specialist alone. For the lowest regulatory thresholds, we
observe that the players stick to their no-regulation safety investments, since they already clear the
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threshold and their no-regulation investments remain optimal. As the regulatory floor is increased,
however, the generalist’s strategy exhibits a discontinuity. Crucially, this drop in G’s safety invest-
ment occurs at a regulatory threshold lower than the no-regulation safety strategy.

Finding 2: Bargaining does not suffice to prevent backfiring. We now relax the assumption that
players share their revenue according to a constant revenue-sharing parameter 6 = 0.5. We provide
evidence that even when players can distribute revenue in a way that maximizes the joint utility,
these arrangements can still exhibit backfiring effects. We assume here that the players jointly agree
on a bargaining solution before either invests effort, but after learning about the regulation.? Figure 4
shows the numerical results for a variant of the separable game where we vary the value of § over 98
values in the range [0.01, 0.99]. We vary the regulatory setting for 13 6 values in [0, 1.2] and 51 6
values in [0, 2.5], for a total of 49,686 simulated games. The figure depicts three different processes
for arriving at an optimal bargain: utilitarian, which selects § to maximize the sum of utilities, Nash,
which selects § to maximize the product of utilities Nash et al. [1950], and egalitarian, which sets
¢ to maximize the minimum of the utilities. In all scenarios, we observe at least one instance of a
combination of regulations that backfire. Further, we observe a cluster of regulation regimes that
yield mutual improvement to utility.

Finding 3: Regulation can act as a commitment device. Here we show that there exist cases
where regulation can leave both players better off than anarchy, while also benefiting the safety of
the technology. Even though the regulation constrains the space of investments that players are able
to achieve, it can nonetheless leave each player with higher utility than they are able to achieve
under no regulation. To make this finding more clear, we depict the set of all achievable (Ug, Up)
combinations in Figure 5. The light blue cloud of points represents all attainable utility scenarios,
over a grid of fp, 6, and 6 values. The dotted lines represent the convex hull (northeastern faces) of
attainable utility implications for the following regimes: 1) neither player is targeted with regulation
(depicted in green), 2) one player is targeted with regulation (depicted in red and black), and 3)
both players are targeted with regulation (inferrable from the outermost feasible points). The figure
suggests that a non-vacuous constraint on both players achieves more preferable utility outcomes
than regulations of individual players or bargaining alone are able to achieve.

These results suggest that, although regulation can backfire, it can also mutually serve the interests
of both players while also improving the level of safety of the technology. This finding raises the
following question: if it was possible to achieve higher utilities all around, why was this set of strate-
gies not chosen by the players in the unregulated game? Absent regulation, the players might wish
they could ensure the other will uphold their side of a verbal agreement, though they are unable to
guarantee it. Regulation, therefore, can act as a commitment device, which lends teeth to agreements
that the players are able to enter prior to making their investments. This commitment device can be
valuable in a formal sense: Both players would be willing to pay for it, as long as the price is less
than the amount of utility they collectively gain under regulation.

A General Characterization

In the previous sections, we arrived at closed-form solutions for the players’ strategies and have
demonstrated individual instances that exhibit the backfiring effect of regulation. We have not yet de-
termined how widespread this phenomenon is. In this section, we provide analytical results that char-
acterize when this phenomenon occurs. Our findings suggest that this effect is notably widespread.
We find that for all quadratic-cost games, backfiring occurs as long as both of the technology’s at-
tributes (performance and safety) are sufficiently complementary such that, under no regulation, the
players will invest in some combination of them. Intuitively, if the players invested only in perfor-
mance under no regulation, backfiring would be impossible as the baseline safety investment would
be zero. Therefore, our condition for backfiring covers all games where the market prefers some
non-zero baseline investment in performance and safety. The condition we rely on is precisely the
condition introduced in Remark 0.3, which represents an upper bound on the cost interaction terms.
This section will prove that both backfiring and mutualism occur in a range of scenarios that depend
crucially on the cost interaction term, and will describe what this dependence looks like.

The next sections will relax this assumption further, providing findings on the existence of backfiring and
mutualism for every non-trivial linear revenue-sharing agreement § € (0, 1).
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Backfiring occurs in all mixed-strategy games.

Below we prove that for all Al regulation games in which the players invest a non-zero amount
in safety and performance under no regulation, there is a non-empty set of regulatory regimes that
exhibit a backfiring effect.

Theorem 0.4. Given an Al regulation game with quadratic costs. If both players’ cost interactions
meet the following conditions:

. Cp,aalB CpBATa
Cp,ap < MIN (\/Cp,oéacp-ﬂﬁ’ £ ﬁv 220 >’

Ta s
then there exists an € > 0 such that the regulatory regime g = 0,0p = [35' — € backfires.

The proof of the above theorem is provided in Appendix . Here we provide an overview of the
conceptual argument. We start by observing that the unregulated optimal strategies 3, 7i' remain
feasible in weak regulatory settings. These strategies dominate all alternative strategies in which the
players contribute to safety beyond their regulatory constraints, as any such strategy was available
in the no regulation scenario, so they were already shown to be sub- 0pt1ma1 compared to ’Vo Vi
The proof’s task, therefore, is is to find some §p < 37 and some 7)) # g B such that D minimally
complies with the regulation (8} = 6p), and further, Ug (v4;0p) > Ug(74'; 0p). For the proof to
work, we choose a regulation of ¢ = 0,0p = ﬁo — ¢ for some small positive € > 0, and generalist
or

/I 260,204 (BO — 2 )
strategy 54— e
of G for using this strategy is positive as long as the following condition is met: 75 > - Lol ~Ta- This

inequality, given by the analysm in Appendix , is precisely the condition established in Remark 0.3
for non-zero investment in safety under no regulation.

. For sufficiently small ¢, we find that the change to the utility

The above results demonstrate that backfiring does not only exist in single degenerate cases: It
occurs in a range of scenarios in which players share revenue and each contribute non-zero effort
to the development of the technology. These scenarios include settings in which the two attributes
are complementary, as well as a range of settings where the two attributes are interfering, up to a
particular limit that we are able to specify. We note that further generalizations are open for broader
functional forms, including more expressive polynomial costs and exponential costs. The generality
of the backfiring effect in the quadratic case gives us reason to believe that the effect might hold for
a broader set of forms, though we leave these directions to future work.

Mutualism occurs in sufficiently separable games.

So far, we have shown that a set of regulations backfire in a swath of two-attribute games. Here we
provide a second result on a set of regulations that fare better. Using similar logic about games with
bounded interaction effects between the the two attributes, we find that there exist combinations of
regulatory thresholds that mutually improve the two players’ utilities, as well as the safety level of
the technology. We state this result below.

Theorem 0.5. Given a two-player Al regulation game with quadratic costs. If both players meet the
following conditions:

Cp.aalB CppBaT
|ep,ap] < min (~/Cp,aacp7ﬂ ) 717’?& g, 7p7fﬂ a) )
a B
then there exists an € > 0 such that the regulatory regime 0 = B3 + €,0p = B{* + 2¢ mutually
improves both players’ utilities.

The proof of the above theorem is given in Appendix . The proof follows a similar strategy to the
backfiring proof. We are focused on the set of games where the players arrive at unconstrained
solutions in the case of no regulation, and we perturb the regulation by a small positive € value and
see the implications for the players’ utilities. Here, instead of targeting only the domain-specialist
and specifying a threshold slightly below the unconstrained optimal strategy, we set the regulation
to target both players using a threshold slightly above their unconstrained strategies. Instead of
measuring the impact on safety, we measure the impact on the players’ utilities and find that, under
the specified condition, the utilities both improve.



358
359
360
361
362
363
364
365
366
367
368
369

370

371
372
373
374
375

376
377
378
379

380
381

382
383
384

385
386
387

388
389

390
391
392

393
394
395

396
397

398

399
400

401
402

403
404

The results suggest that, similar to the characterization of backfiring, the mutualism effect is observ-
able in a range of quadratic-cost games, including in separable scenarios and a range of complemen-
tary and interfering scenarios. Notice, however, that our condition for establishing when mutualism
occurs is slightly different than the condition in the backfiring theorem. Instead of a one-sided bound
on the players’ cost interaction terms, our proof relies on a two-sided bound. The analysis suggests
there may be certain games where the two attributes are strongly complementary where slightly in-
creasing the regulation in the manner proposed does not increase players’ utilities. In other words, if
the market already sufficiently incentivizes joint investments in safety and performance, then forcing
safety requirements on both players in equal proportion may not benefit players’ utilities. In these
cases, a linear contract may suffice to serve the utilities of the players, and so regulation would only
be needed for achieving the goal of advancing safety, and would not serve the additional role in
enforcing commitments from players.
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Further related work

Economic theory and contracts. Our work leverages pre-existing approaches that are common in
the theoretical economics and game theory literatures to reason about the set of possible impacts
of Al safety regulation. In particular, we draw inspiration from canonical works in contract theory
Grossman and Hart [1992], Ross [1973] and the coordination of supply chains Cachon [2003].
Our model is a variant of a Principal-Agent problem in which the strategy space is defined by two
real-valued attributes, and the cost and revenue are functions of these attributes. In this way, our
model draws inspiration from Viscusi and Moore [1993] analyzing the possible effects of products
liability schemes on innovation and safety. That model — a one-player model with no order-of-
play effects — demonstrates that liability does not, necessarily, hamper innovation. We assume that
innovation is sequential, meaning that an entity’s investment in safety or performance builds on the
contributions of past investments Bessen and Maskin [2009], Green and Scotchmer [1995].% In what
we call the ‘no-regulation’ game, we assume the players revenue-share via a linear contract Diitting
et al. [2019], a common assumption in the literature (e.g., Diitting et al. [2025, 2023], Alon et al.
[2022], Carroll [2015]). However, one way to interpret our mutualism results is as a demonstration
that linear contracts are sub-optimal in our setting. Our notion of regulation can be viewed as a set
of non-linear contracts defined by a set of strategy constraints, and our results suggest these more
expressive contracts can yield higher utility. Of course, still other forms of contracts are possible and
may yield different utility implications. We leave these directions to future work.

The fine-tuning games model. Our work builds on and extends the fine-tuning games model pro-
posed in Laufer et al. [2024]. That model builds a one-dimensional game in which players must
bargain over a revenue-sharing contract before investing in performance in sequence. We extend this
model in two ways: First, the players’ strategy space is two-dimensional in our model, to capture
the dynamic that often arises where a regulator wants to steer the technology in a direction (e.g.,
safety) other than that which is most-profitable (e.g., a baseline combination of performance and
safety, dictated by the unregulated market). Second, we introduce the regulation, which can be seen
as a floor constraining the feasible strategy space of each player. This allows us to explore when
targeting generalists, specialists, both or neither is preferable for achieving desiderata like safety.

SHowever, some have observed that safety investments can degrade as the result of fine-tuning performance
investments especially when model weights are open Qi et al. [2023, 2024]. This scenario, and especially the
interaction effects with model openness, are ripe areas for further analysis.
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25 Safety investments in an example game
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D investment B;

2.0 Backfire
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Figure 3: Backfiring observed in a basic two-player game where 6 = 0 and 6 is varied over the
range [0, 2.5]. As 0p is swept upward from 0, there is some value at which the generalist’s score
exhibits a discontinuity and the investment in safety lowers.

Further Discussion and Conclusion

Proposals for Al regulation have made use of the idea that different entities contribute to these tech-
nologies in succession. This work provides a model for reasoning about the effects of targeting Al
safety regulation along the development chain. Our findings suggest that weak safety regulation pre-
dominantly targeted at the domain specialist can backfire, yielding lower investments in safety than
in the alternative case of no regulation. Our findings further suggest that regulation appropriately
targeted at both upstream producers and downstream specialists can exhibit a mutualism effect in
which both entities benefit. After demonstrating instances of the backfiring and mutualism effects
through a numerical simulation, we provide analysis showing these phenomena are not just degen-
erate cases but hold in a range of scenarios.

Our results reveal natural directions for future research. In the setting we have put forward, it would
be interesting to move beyond showing the existence of backfiring and mutualism regions and char-
acterize the shape of these regions and the magnitude of their effects. Certain segments of the bound-
aries of these regions are straightforward but others seem to require solving higher-order polynomi-
als to express in closed-form.

Generalizations beyond the quadratic-cost games might be interesting. For instance, it may be pos-
sible to show that backfiring and Pareto-improvement effects occur for any convex cost and concave
revenue games meeting where there exist some marginal conditions on the functions’ marginal con-
ditions including their slopes and intercepts.

‘We have predominantly focused on the case where there is one domain-specialist, but in many real-
world settings the development of Al technologies involve multiple domains, and each domain may
involve many entities who compete. To what extent does competition between multiple entities
change the backfiring and Pareto-improving impacts of regulation? Pursuing questions about mul-
tiple domain-specialists would require further specifying the structure of G’s contract with each
specialist, which might reasonably be conceived as a constant revenue share across domains, a
constant fixed price across domains, or a variable price across domains. Relatedly, approaches to
regulating different specialists may be conceived of as domain-specific (different requirements for
each domain) or domain-agnostic (requirements for all domains). Pursuing questions about multiple
generalists may also illuminate interesting directions. In particular, if different domains have dif-
ferent preferences over attributes, there may be scenarios where general providers specialize their
investments to capture some domains and cede others to their competitors. Such dynamics raise
new questions about how to design regulation to account for these rich constellations of interacting
actors.

Subgame perfect equilibria strategies with regulation

Here we provide the subgame perfect equilibria strategies of the two players in our two-attribute
game, in the presence of regulation. Notice that the no-regulation gameplay can be derived from
these solutions simply by plugging in §p = 6 = 0. Like the solutions in the prior section, these
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Figure 4: Results from numerical tests over the set of possible (6, 0p) pairs in the two-attribute,
two-player, separable quadratic-cost game. Backfiring occurs in the weak regulatory regimes in
which 6p is just below 3. Regulations that mutually improve both players’ utilities over anarchy

are detected for all three bargaining solutions. The highest aggregate utility in this game is achieved
atfg =0.5,0p = 1.

Utility implications for varying 6, 6p and 6
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Figure 5: The set of attainable utility outcomes over a grid of possible regulation regimes and bar-
gains for the two-attribute, two-player, separable quadratic-cost game. Each of the blue points rep-
resents a possible game with utility implications for the two players. If the players are restricted to a
particular regulatory regime — targeting G only, D only, or neither — then the utility they are able to

achieve (depicted in dashed lines) suffers, compared to the regime where both players are subjected
to regulation.

generalized solutions require checking a number of candidates, but this number has grown to account
for the possible responses to regulation.

Proposition 0.6. Given a two-attribute fine-tuning game with quadratic costs, regulatory constraints
Oc, 0p, and bargaining parameter 6, the domain specialist D’s subgame perfect equilibrium strat-
egy is one of the values in the following set:

Qo
(1-0)r )
/80 + chﬁﬁa
oz max(0,6p — o)
max(ﬂo, HD) ’
(67

|

The strategy is the feasible candidate which maximizes Up, subject to Up > 0,7 > «g, 1 >
max(fo, 0p).

Proposition 0.7. Given a two-attribute, two-player fine-tuning game with quadratic costs, regu-

latory constraints 0¢,0p, and bargaining parameter 0, G’s best-response is one of the following
candidates:
|\

Yo + (1;6) C;1r7

1—8)rs

2C1aa

Ciap

"€ {O‘OJF

0 .
abstain.
0,60p) |’

S—1
° §CO T,

0
° 57’/3

2copp
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o Three additional candidates along the Up = 0 constraint, which is given by the following
quadratic equation:

2,.2
(1 — 0)raag + % +(1- 7‘5)9[) —
aa
2
6170‘5(1 —80p + _Cap c1pp0% +
Claa Claaa% b
<Claﬁ C%aﬁ )
——(1—=0)rq —2 0p + 2c1880p | Bo
Claa Claa

2
€1

+ ( aB _016,8> ﬂg =0.
Clao

The strategy is the candidate which maximizes Ug, subject to Ug > 0,Up > 0,1 > 0,81 > O¢.

The proof of the above propositions is provided in Appendix . We outline the intuition behind the
proof as follows: Notice that the optimization is an inequality-constrained quadratic optimization
problem. The problem has been set up so no solutions exist at infinity, that is, the solutions will
either be local maxima or will reside on constraints. Therefore, we can find the critical points for
the unconstrained problem, as well as the critical points for every possible combination of every
constraint in our problem. This yields a set of candidates, which are worked out and listed in the set
above.

There is a bit of additional subtlety in the process for arriving at the last three candidates along
the constraint listed at the end of the Proposition. Two of the three candidates reside at the inter-
section of this constraint with the other constraints—that is, they satisfy the constraint listed and
either g = 0 or By = 6. Finding the point that satisfies these combinations of constraints is
only as hard as solving the roots of a one-variable quadratic, at worst. The third one, however, is
a bit more convoluted. This candidate can be described as the solution to the optimization problem
max~, Ug s.t.Up = 0, where the other constraints are ignored. Although this is a (not necessarily
convex) quadratic program, specifying the Lagrangian suggests that its solution must be the solution
of a system of three distinct equations with three unknown variables (ap, 8y, A) € R3. Two of these
equations are quadratic, and the other is linear:

* 0Tq — 2¢0aa®0 — 2¢0apBo — A(1 — 61 =0,
. » 02 (&
o 220Te 96045 80—2C0as00— N (%(1 —8)ra — Q%‘Iiil) +2 (ﬁ - Clﬁﬁ) /D’o) =0,

* The quadratic stated in the proposition.

Though there may be multiple roots satisfying the above equations, the roots are bounded in typical
fashion by Bezout’s Theorem. Further algebra for arriving at solutions is left to the computer.
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Player’s strategies without regulation

The domain-specialist’s strategy. The proof for Proposition 0.1 is given below.

Proof. D’s best-response strategy is the value -y that maximizes D’s utility.

7 (70,6) = argrr;axUD('yo,’yld) st. Up > 0,a1 > ap, 81 > o
1

Observe that D will not abstain because zero-investment (y; = -y) is cost-free, yielding non-
negative utility, so we can safely ignore the constraint. To solve the optimization, we specify the
Lagrangian as follows for some multipliers \; € R, A5 € R and a slack variables s; € R, s2 € R.
By construction, we assert that the slack variables are only non-zero when the multipliers are zero,
and the multipliers are non-zero only if the slack variables are zero.

L:=1=0)r"y — (y1 —7)TCi(71 —70) — Mg — ag — 52) — Ao — ag — 53).
We partially differentiate with respect to each decision variable and each multiplier.

0
g = 0
> (1 —=9)ra —2¢1,aa(a1 —ag) +2c1,a8(B1 —Bo) =M1 = 0
0
Y =0
B
<~ (1—5)7‘5—201,55(ﬁ1—ﬁ0)+2617a5(al—ao)—)\2 = 0
0
—L =0
oM
e —CY1+OZ()+S% = 0
0
2 =0
0o
= —Bi+Bo+s3 = 0

Using complementary slackness, we have four possible options:

1. 81:0,)\1 >0,82:0,)\2 >0—>ﬁ’f:ﬂ0,af = Qp.

2.81 # 0,A1 = 0,82 = 0,A2 >0 = S = o, and we can plug into our first of four
equations above:

(1 —_ 5)ra — 201,04(1(041 — Oé()) + 261,&5(51 - /80) - )\1 =0
= (1=0)ra —2¢1,00(a1 —ag) = 0
(1=9)ra

— o) =ap +
! 201,(104

3. 51 =0,A1 > 0,82 # 0, 2 =0 — af = ap, and we can plug in to equation 2:

(1 —=08)rg —2c188(81 — Bo) + 2c1,08(c1 —ag) = A2 = 0
= (1=0)rg —2c188(B1—Bo) = A2 = 0
1-96)r
HBT:50+7(2 ) 2y
C1,88

4. s1 #0,\1 = 0,59 # 0, Ay = 0 — This is the unconstrained critical point, and is solved
via the first two systems of equations:

VUD = (1 —6)7’—201(’71 —’)/0) =0

1
( 5 6)01_17“.

=7 =%+
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588

589

590
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595

Thus we have established our four candidates in the proposition statement. O

The Generalist’s strategy. The proof for Proposition 0.2 is given below.

Proof. G’s best-response strategy is the value - that maximizes G’s utility.

Y5 (6) = argmaxUg(vp,0) s.t. Ug > 0,9 > 0,50 > 0.
71

Following the same steps as the proof of Proposition 0.1, we specify the Lagrangian as follows for
multipliers A\; € R, Ay € R and a slack variables s; € R, s5 € R.

= 0rTy — 78 Covo — Mg — 87) — Xa(ag — 53).

We partially differentiate with respect to each decision variable and each multiplier.

0

Zr =0
8040
< (57“,1 — 260’aaa0 +2607a550 — )\1 = 0,
0
L =0
I
<— 67“5—26075,(3604-201,@50&0—/\2 = 0,
0
T =0
O\
— —ap+si = 0,
9, _ )
0o N
= —Bo+s3 = 0.

Using complementary slackness, we have four possible options:

1. s1 :0,)\1 > 0, 89 :0,)\2 > O%ﬂg :O,CYS = 0.
2. 51 #0,A\ =0,52 =0,y >0 — S5 = 0, and we can plug into our first of four equations
above:
0ra — 2€0,0000 +2c0,0880 — A1 = 0
— 0rq —2¢0,0000 = 0
. 0T
— oy = .
2CO,ozoz
3. 51 =0, > 0,52 # 0,2 =0 — o = 0, and we can plug in to equation 2:
57‘5 — 200,@5,80 + QCo,agOzo —X = 0
(57“,3 — 200)55@) =0
. or
Co,88
4. s1 #0,A\1 = 0,89 # 0, Ao = 0 — This is the unconstrained critical point, and is solved
via the first two systems of equations:
VUG =0r — 260’70 =0
* g -1
7 = 5C0 7.
Thus we have established our four candidates. O
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615

Condition for non-zero performance and safety investment

Condition establishing non-zero investment. Below we prove Remark 0.3.

Proof. The first of the three inequalities establishes that the player’s costs are strictly convex:

cap < \/Cp.aaCp,B8 = Cp,aaCp,B8 — Ciﬁ >0 <= detC, > 0.

By the spectral theorem, we know a 2x2 matrix is positive definite if and only if its determinant and
trace are both positive, which is now established. By Lemma 0.8, the utility is strictly concave for
our setting if and only if the cost is strictly convex. Thus the unconstrained solution is the global
optimum as long as it is feasible. Thus, the necessary and sufficient condition for optimality is the
condition for feasibility.

* For the generalist:

0 1 0 €0.38Ta — C0.aBT 0
— > ) <— BB o 0,ap"B >
270 " 2det Cy | —C0,08Ta + €0,aals 0

Using the same positive definiteness identity above, we know the determinant is positive.
We are given 6 > 0. Thus we can cancel the positive constant term F‘ico. The two
inequalities simplify to those stated in the proposition.

* For the specialist, the proof proceeds identically. Observe that (1 — §) > 0 and the uncon-
strained contribution is given by: %C’l— L

Proof for Player Strategies with Regulation

Here we provide proofs for our propositions establishing best-response strategies for the players.

Domain-specialist best-response under regulation. Here we provide the proof of Proposition 0.6,
the domain specialist’s best response under regulatory requirement 6.

Proof. D’s best-response strategy is the value v; that maximizes D’s utility. D will abstain if and
only if the best option yields negative utility.

71 (70,6,0p) = afgﬂ}fltXUD(’Yoﬁ, Op)s.t.Up > 0,a1 > ap, f1 > max (8o, 0p) -

Define k = max (8o, 0p). To solve the optimization, we specify the Lagrangian as follows for some
multipliers A € R? and a slack variables s € R3.

L= (1=08)r"v — (11 =) Ci(r1— ) — A1 —ag — s7) = X2(B1 — K — 53) — As(Up — 53).
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616 We partially differentiate with respect to each decision variable and each multiplier.

0
—L =0
8@1
oUp
— (1-90)rqa —2c1,00(01 — p) +2¢1,08(01 — K) — A1 — A3 2o = 0
< (1 — )\3) ((1 — 5)7’(, — 26170‘&(0&1 — Oéo) —+ 261,a[3(51 — KZ)) — )\1 = 0
0
—L =0
b1
oUp
<~ (1—5)7‘[3 —201)53(ﬁ1 —n)+2017a5(a1 —ao) — A —)\38751 =0
— (L=2A3) (L =08)rp —2¢1,8(B1 — k) + 2c1,08(1 —g)) = A2 = 0
0
<~ —a1 t+ag+ s% =0
0
— —f1+Kk+ 53 = 0
0
— -Up+s3 = 0

= 10Ty + (=) Ci(m—v)+s3 =

617 Using complementary slackness, we have eight possible options:

618 1. 51:0,)\1>0,82:0,)\2>0,83§£0,)\3:04)5T2H,O/f:Oéo.
619 2. 51 =0,A1 >0,820=0,X2 > 0,83 =0,\3 >0 — 87 = K,a] = . This offers the same
620 candidate as (1).

3.51=0,A1 > 0,80 #0, 2 =0,83 # 0,\3 = 0 — o] = ap, solve equations (1) and (2)
for 87 and A;. Omitting the algebra, this yields:

. o ]
1= (1-8)rg
ﬁO + 2¢155
621 4. 51 =0,A1 > 0,50 #0, 2 = 0,53 =0,A3 > 0 — af = «p, solve equations (1) and (2)
622 for 8} and A;. This solution, if it is distinct from the previous solution (3), will always be
623 dominated because it is characterized by 0 utility for G.

5.8 #0,A1 =0,50=0,A2 > 0,83 =0,\3 >0 — 5 =k — solve equations (1) and (2)
for A\; and o]. Omitting algebra, this yields:

a0 + (A=0ra _ fiﬂmax((),eD — Bo)

* = 2Claa Claa

E max (o, 0p)
624 6. s1 #0,A\1 = 0,82 =0, > 0,83 # 0, \3 = 0 — this solution, if it is distinct from the
625 previous one (5), will always be dominated because it is characterized by 0 utility for G.
626 7. 81 # 0,A1 = 0,82 # 0,A2 = 0,83 # 0,A\3 = 0 — o] = ay, solve equations (1)
627 and (2) for a7, 7. This is the unconstrained solution. Omitting algebra, this yields: v =
628 Yo + (155) crlr.
629 8. 51 #0,A\ =0,52 #0,A =0,83 =0,A\3 >0 — Bf =k — solve equations (1) and (2)
630 for a, B5. This solution, if it is distinct from (7), will always be dominated by (7) because
631 it is characterized by 0 utility for G.
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632 Thus we have established our four candidates in the proposition statement. To handle the abstain
633 scenario, we check each candidate produced in the process above by plugging the strategy to our
634+ formula for Up. If none yield positive utility, then the domain specialist prefers to abstain. [

635 The generalist’s subgame perfect equilibrium strategy under regulation. Here we prove Propo-
636 sition 0.7.
637 Proof. G’s best-response strategy is the value ~ that maximizes G’s utility.

"}/S((S, QG,QD) = argmax UG(’YO; (5, 9@,91)) s.t. Ug > O,UD > 0,0(0 > O,ﬂo > OG-
Yo

638 To solve the optimization, we specify the Lagrangian as follows for some multipliers A € R* and a
e30 slack variables s € R*.

L:= (STT’yl — 7500’)’0 — )\1(040 — S%) — )\Q(ﬁl — HG — S%) — )\3(UD — S%) — )\4(UG — 5421)

e40 We partially differentiate with respect to each decision variable and each multiplier.

0
v - 0
8a1
< O0rq — 2¢0.qalo + 26041,350 — A\ — )\3% -\ OUp =0
’ ’ 8040 (9@0
< (]. — )\3) (57'04 — 2CO,aaaO —+ QCO,aﬁﬂO) - )\1
_)\4 ((1 - 5)Ta - 2C1,o¢a(041 - Cko) + QCl,aﬁ(ﬂl - max(ﬁm GD))) = 07
0
L =0
0B
IWUg oUp
org — 2 2¢0.a — A —A3—— — A = 0
<= 0rg — 2c0,8880 + 2c0,a800 — A2 — A3 %0 ke
< (1= X3) (6rg — 2¢0,8800 + 2¢0,a500) — A2
-\ ((1 — 5)7‘3 — 261”@5(51 - max(ﬁo, HD) + 2017(15(041 — Oéo)) = 0,
0
= —ag+s7 = 0,
9.
OAs B
= —Bot+si = 0,
0
— -Ug+s; = 0
= 'y +1Cio+s; = 0,
0
—L =0
OA3

— —Up+s3 =
= 10Ty + (11 =) Ci(m—0)+s3 =

641 Using complementary slackness, we have sixteen possible options. For brevity, we refer to these
e42 options by the constraints they satisfy, where bold corresponds to the constraints being activated.
643 The algebra is omitted for exposition; only the candidates yielded are noted for each constraint
644  setting.

645 1. ao,,ﬁo,Ug,UD — [O,QG].
646 2. @, Bo,Ug,Up — [0,0¢]
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647

648

649

650

651

652

653

655

656

657

658

659

660

661
662
663

664

665

666
667

668

669

670
671

10.

11.

12.
13.
14.

15.
16.

. O, /807UG7UD — [anG}

o, /807 UG7 UD — [07 9G]

0
. aOaﬂOaUGa UD — |: drp :|

2copp

0
ao7ﬂo7UG,UD—>{ drs ]

2copp

0
. aOaBOvUGaUD — |: drg :|

2(;0[35

. ag, o, Ug,Up — One of three along Up = 0 curve.

0T Coap 6‘G
Qg, /807 UG’ UD — ’YE)k = Zcoac GGCOQO‘
6ra  _ Coap QG
g, /607 UG7 Up — 2C0aa GGCO"‘"‘

0re  __ CoaB 0
@, /607 UG; UD — 2C0aa Coce
G

o, Bo,Uqg,Up — Two of three along the Up = 0 curve.
a0, B0, Ug,Up — $C;'r.

ag, 8o, Ug,Up — %Cglr

a0, B0, Uc, Up — $Cy 'r

o, Po,Uq,Up — Three of three along the Up = 0 curve.

Thus we have established our four candidates in the proposition statement. To handle the abstain
scenario, we check each candidate produced in the process above by plugging the strategy to our
formula for Ug. If none yield positive utility, then the generalist prefers to abstain. O

Helper Lemmas and Analysis

Here we write out helper Lemmas and analysis for our proofs concerning backfiring and mutualism.

Lemma 0.8. In the Al regulation game with quadratic costs, any player’s utility is strictly concave
if and only if their cost matrix is positive definite.

Proof. The generalist utility function is given by Ug = 677, — &' Cyryo. Observe this is twice
differentiable everywhere. Thus the function is strictly concave in «y, 3y if and only if its Hessian
derivative is negative definite. We compute the Hessian as follows:

*Ug *Ug
aﬁgaao 8[3(2)

*Ug 9*Ug
H = 0a? 0ag0Po _ 7200.

This matrix is negative definite if and only if C is positive definite.

The proof for the domain specialist follows the same steps. O

Lemma 0.9. In any Al regulation game with separable quadratic costs, if there is no regulation,
both players will invest a non-zero amount in each attribute.
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Proof. By Lemma 0.8, we are given that the utilities are strictly concave. Thus, the proof consists of
showing that 1) the utility function is greater than or equal to O at the origin point of zero investment
and 2) the gradient points towards the interior of the feasible set everywhere along the boundaries.

Here we prove the two conditions for Ug:

1. Uglag = 0,80 =0)=6r"0—-0=0

2. We prove this for each constraint, ag > 0, 5y > 0:

¢ %gﬁ ’ﬂozo = 6Ta - 2CO,aaa0 = 67“g —0>0.
aU
* S5 lag—o = 078 — 2¢0,8880 = 0T — 0 > 0.

Here we prove the two conditions for Up:

1. Up(ai =0, =0)=(1=6)r"%—-0>0

2. We prove this for each constraint, o; > «v, 8; > Po:

* %i? Bi=Bo = (1 - 5)Ta - 2Ci,aa(0l1 — Ol(]) = (1 — 5)7",1 > 0.
© B0 oy = (1= 8)rs = 2¢i35(Bi — o) = 6rg — 0> 0.

Proving the Backfiring Result
Below we prove the Theorem 0.4.

Proof. Assume 0 = 0 for the entire proof. By Remark 0.3, we’re given that the players commit to
their unconstrained strategy in equilibrium. These were solved in Propositions 0.6 and 0.7. Thus we
have the following player’s strategies under no regulation for this setting:

o 1-0

W =500 =4O (1)

2 2
Our strategy is to show that G’s unconstrained, no-regulation optimum becomes dominated in the
presence of regulation targeting D, which we choose to be arbitrarily close to 31.

Notation. Before we proceed, we introduce some additional notation. Define the set S to be all
feasible pairs of strategies (7o,71). ‘Feasible’ here means those strategies which leave both G and
D with non-negative utility. We use the subscript Sp,, to track the particular regulatory threshold.
The feasible pairs of strategies in the unregulated game is given by Sy, and the feasible pairs of
strategies in a game with threshold p = 1.5 is denoted S 5. We may refer to the unregulated game
with the superscript A (for anarchy), e.g. 3{* refers to the unregulated safety level. Observe that any
set of tuples Sy can be separated into two mutually exclusive and collectively exhaustive sets:

* SYC (for minimally compliant) is the set of all tuples where D’s best response has safety
BF =0p.

* S§ (for contribute) is the set of all tuples where D’s best response has safety 3 > 0p.
Now, we provide a sequence of lemmas, with the purpose of establishing the intuition that all we

must do is find some ¢ > 0 and some strategy B # B3 such that G prefers BE to 33t and D
minimally complies.

Lemma 0.10. For any threshold 0 > 0, SHC C So.
Proof. So = SYCUS§ = SYCU (U2, S5) D S§. O

Lemma 0.11. If0p > 3, backfiring is impossible.
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Proof. Assume for contradiction that #%, > 7' and backfiring occurs. Backfiring would imply
B1(0p = 03) < B1(0p = 0) = B;*. However, this would violate the regulation, which we’re given
is greater than 3{'. Hence we’ve already established the contradiction. O

Lemma 0.12. Given a threshold 0, backfiring can occur only if the strategies (vo,v1) € Sg”DC.

Proof. We have established Sy, = Sg’f U SgD , so the proof will show that the strategies in S§ can
never exhibit backfiring. This would imply, if backfiring occurs over the feasible set of strategies Sy,
it is only possible for strategies in S}°. The proof proceeds, first for all values 6 > B{}, and then

for all values 6 < (7.

» For 0p > f3{}, backfiring is impossible generally, as established in Lemma 0.11.

* Forfp < j3{, start by observing that the anarchy solution (7', 71') is always feasible. This
solution is the strategy tuple that maximizes the utility of G over Sy. Lemma 0.10 tells
us that this set, Sp, contains all sets of regulated strategies where the players contribute:
Sgontribute Gy Thus: (vg!,71') 1= supy,, So =a So D Sgommibue — (vt 4f') =¢ S§, .

Thus the anarchy solution is feasible and dominates all strategies in Sg‘g“ribme.

This completes the proof, and demonstrates that if backfiring is ever to occur, it will exhibit strategies
that are minimally compliant with the regulation. O

Backfiring is a regulation yielding lower safety than 33'. The claims above state that backfiring
cannot occur if #p > ({* and can only occur if the domain specialist minimally complies. As an
immediate corollary, we can claim that backfiring occurs if and only if there is a regulation fp < 31t
such that the strategies (y0(6p),71(0p)) € S57°.

Lemma 0.13. For a given regulation 0p < [3{ in our setting, if G prefers any minimally compliant
strategy ~y, to 75‘, then G'’s optimal strategy ~§ € S% ¢ and the regulation backfires.

Proof. We're given 4 is optimal over Sp. By Lemma 0.10, SQCD C So. Since 0p < B, g
remains feasible. The only new strategies available to G are those in Sé‘g C. Thus, if we denote
utility-domination using =, we have v}, = ¢! = gV¥g € S(SJD . This implies G’s optimal strategy
is either 7{, or otherwise belongs to Sé\ﬁ c. O

Thus our task is to find some regulation #p and some strategy ,, such that Ug(v4) > Ug(7d)).

Lemma 0.14. For small € > 0, if the given conditions are met, the following G strategy dominates

no regulation:
Ora
[ s (2
0 B — 2¢

Proof. Equation 1 give us G and D’s strategies under no regulation. Given GG’s candidate strategy
stated in the Lemma, we compute D’s best response. Observe this must be a minimally-compliant
best response, because Gs strategy was constructed to be a difference 33 + ¢ from D’s regulatory
floor. Thus, by Proposition 0.6, we have:

_ |: a/0+ (1—5) _ CIVQBHD :|

2C1aq Claa
D

/
T
We compare G’s utility in the two scenarios:

L (96,71) = UG = 0 (ra@ + 1381) = co,.aa(@)? = 2¢0,08005 — co,55(8))*

2. (i) = UG =6 (raaf +1567) — co.aa(0g)? — 2c0,a504 85" — co,55(84')?
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We compute the difference AU¢g = U/, — Ué“. We expand both terms and take the limit as € \, 0 to

get the following:
0(1—9 o
lim AUg = 01— d)rp (rﬁ _ CLﬁra>
NGO 2c188 Cl,aa

A sufficient condition for this quantity being positive is stated below. The reason is all terms outside
the parentheses are given as positive.

c
rg > Lo To-

Cl,aa

Notice the above condition is given as it is one of the conditions in remark 0.3.% [

Thus, we have shown that for small positive €, the generalist prefers the backfiring strategy to the
unconstrained optimum ~3'. By Lemma 0.13, the optimal regulated strategy is an element in Sé‘ﬁ ¢
and the regulation backfires.

Proof of the mutualism result

Here we prove Theorem 0.5, that for a swath of games there exists a set of regluations that mutually
improve the player’s utilities.

Proof. Observe that we only have to provide a single instance of regulation that does better than the
unregulated optimal ’y()“, 7{* to show that there exists a Pareto improvement effect of regulation. We
consider the following minimal-compliance strategies (using Proposition 0.6 and 0.7):

oro  _ Co.0B (1=8)ra _ cia8
— 2¢0, e Co,aa fc 1| @o + 2C1 . 0a craa Op
Yo 0 » V1 [
G D

Observe these are feasible because they are compliant and, for small €, the performance investment
is positive.

Lemma 0.15. For the specified conditions, Ug (v}, v}) > U (4", v{")
Proof. Start by computing the change in the generalist’s performance and safety investments be-

tween these strategies. The change in safety investment is simply Ay = 8¢ — 53" = €. The change
in performance investment is given by:

_ 0T C0,a8 ) _ 6 o
Aag = 20,00 Co,aa <2dct oo (—Co.0pTa + 0,007 + 6)) saet O (C0BBTa — CoapTa)
2
_ 0T €0,a8 Ora _ €0,aB8 . )
~ 2¢0,aa + €o,aa 2det Co Co det C s + €0,aa € 2det Cy C0,88Ta +¢co det Cy s
2
_ 5 €.08% _ _ dcopgs €0,08
- (260700 + C())O,O,Qdct Co 2det Cp Ta + Co,aa €
2
_ Srg 1 €0,a8 _ Co0.88 Co.aB ¢
2 €o,aa co,aa(€o,aac0,66—C5 0p) Co,an Co,cen
- 5T det Co—&-ciﬁ—c . 0,858 + CO‘O‘BG
- 2 0,aa det Co €o,ac
— £0.08
Co,aa

By the same logic, we solve for the change in the players’ strategies. First, A3, = 3] — B{ =
Bt + 2¢ — B{* = 2e¢. The change in performance is given by:

“This is also the condition for having a non-zero safety investment when costs are convex, and intuitively,
backfiring is impossible when safety investment is zero.

24



Aoy = Q; — Q3

1-6)ra €l 1-5
— —|— (261 iz _ 72,(“5 (9[) — ﬂ(l))} - [aé“ + 42(dct C)—l (Cl,ﬁﬁra — Clvagrg)}

1—8)7a o 1-6 1-6
= Aao + (20113;; _ ‘fl B (Q(det 6)'1 (—Cl,aﬂra —+ Cl,aaTﬂ) —+ e) — 42(det C)—l (Cl,BBTa — 017(157’/3)

Cl,aa

_ €0,a8 (1=0)ra €1,a8 (1-9) (1-9)
= et ot o (sdmdr (FCrapra +CraaTs) T €) — 5y (C188Ta — CLapTS)

— €[ o8 _ fl0p
Co,aa Claa )’

754 The change in G’s cost is given by:

A(G’s cost) = [ Aag ]TCO { Aag }

Aﬁ() AﬂO
= COa(y(cozﬁ) +2<Coaﬁ )64’60556

755 Notice these are all € terms, meaning as € is brought to very small positive values, they approach
756 zero at an exponential rate. The contribution to G’s revenue is given by:

A(G’s revenue) = 0(raAar +rgApfr)
= 6 (rac (222 - 2a2) 4 rs2c)
Notice these are terms of €, whereas the cost effects are solely terms of €2. Therefore, for sufficiently

small €, we say:
lim AUg =9 (rae (CO’Qﬁ Clop + 27’56)>
eNO

Co,acx Cl,ac
757 Using the given conditions, we know:

li\% AUg >0 < § (rae (—C"‘“[’ - —Cl’“"> + 27“36) >0

Co,aa Cl,acx
— Po (el _ Lhob ) 4 9ps > ()
@\ co,aa Cl,a B
TaC0,aB _ TaCl,ap 72
TBCO,aa TBCL,aa > '

758 Our conditions strictly bound the absolute value of both terms on the left hand side below 1, so this
759 completes the Lemma’s proof. O

760 Lemma 0.16. For the specified conditions, Up (74, 7;) > Up(v§',7{")

761 The limiting effect on D’s revenue is calculated exactly the same way as above, except that the
762 revenue expression is multiplied by (1 — §) instead of 6.

763 This completes the proof, as both players are better off under the regulation. [
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