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Abstract

ChatGPT has established Generative Al (GenAl) as a signifi-
cant technological advancement. However, GenAl’s intricate
relationship with competing platforms and its downstream im-
pact on users remains under-explored. This paper initiates the
study of GenAlI’s long-term social impact resulting from the
weakening network effect of human-based platforms like Stack
Overflow. First, we study GenAl’s revenue-maximization op-
timization problem. We develop an approximately optimal
solution and show that the optimal solution has a non-cyclic
structure. Then, we analyze the social impact, showing that
GenAl could be socially harmful. Specifically, we present an
analog to Braess’s paradox in which all users would be better
off without GenAl. Finally, we develop necessary and suffi-
cient conditions for a regulator with incomplete information
to ensure that GenAl is socially beneficial.

1 Introduction

ChatGPT has made Generative Al (GenAl) a household
name, capturing the attention of the general public as the
first fully operational GenAl (Naveed et al. 2023; Chang
et al. 2023). Its widespread adoption stems from its capabil-
ity to generate coherent texts and answer complex queries,
showcasing human-like performance and even surpassing
it (Katz et al. 2024). Beyond mere functionality, GenAl has
revolutionized various applications, ranging from automating
customer service interactions to facilitating creative writing
endeavors. This transformative impact is underpinned by
GenAl’s strengths, which are attributed to an extensive cor-
pus used during its training phase, encompassing many fields
and languages.

In contrast to those benefits, there is a growing body of
work raising various concerns regarding GenAl, such as bi-
ases (Abid, Farooqi, and Zou 2021), abusive and inappropri-
ate content (Solaiman et al. 2023), and negative effects on
users’ behavior (Dvorak et al. 2024; Abbas, Jam, and Khan
2024). On top of those concerns, frequent training on high-
quality data is a major issue (Chen, Zaharia, and Zou 2023).
Updated training data is crucial to the quality of GenAI’s
answers, necessitating the continual incorporation of new
data to reflect current trends and changes.
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To illustrate, consider ChatGPT and Stack Overflow as
competing platforms. ChatGPT utilizes the questions and
answers on Stack Overflow as its training data, providing
users with a quick answer tailored to their questions. Con-
sequently, users shift towards ChatGPT and neglect Stack
Overflow as a forum for their queries (as witnessed by recent
work (del Rio-Chanona, Laurentsyeva, and Wachs 2023)).
Over time, without additional training, the absence of fresh
training data hampers ChatGPT’s ability to provide accurate
responses about new programming packages, while the di-
minished user activity on Stack Overflow affects both the
volume and quality of answers available on the platform.
This harmful combination negatively impacts the welfare of
users, who suffer from outdated information and a lack of
engagement in previously thriving community forums.

While the literature on ChatGPT and, more broadly, GenAl
grows at an exponentially rapid pace, most of the research
on ChatGPT since its release has focused on its perfor-
mance (Frieder et al. 2024; Kocon et al. 2023; Chen, Zaharia,
and Zou 2023) and its applications across diverse domains
(Kasneci et al. 2023; Liu et al. 2024). However, research
has allocated scant attention, if any, to its social impacts
concerning its intricate relationship with other competing
platforms. Although GenAlI is unanimously useful, its social
impact prompts a critical research question: Is the existence
of GenAl as Q&A platforms genuinely beneficial to its users,
or would they be better off without it? Specifically, is the way
we use GenAl socially beneficial in the long term?

Our contribution This paper initiates the study on GenAlI’s
long-term social impact due to the weakening network effect
of human-based platforms like Stack Overflow. We propose
a sequential model that includes two platforms: A genera-
tive Al-powered service we term GenAl, and a human-based
forum called Forum in which users can ask questions and an-
swer questions of others. In our model, GenAl gains revenue
from increased user traffic and incurs training and mainte-
nance costs. GenAl chooses a training scheme: Strategically
deciding in which rounds to train on fresh data. In contrast,
Forum is a passive (i.e., non-strategic). A population of users
utilizes GenAl and Forum. We assume that user utility from
GenAl decreases between training rounds. We further assume
that Forum has a network effect: User utility increases as the
proportion of users using it rises. In our model, users choose



according to a softmax function of the utilities from GenAl
and Forum, allowing users to have different sensitivity levels
to their utility.

First, we address GenAl’s revenue-maximization task. We
provide an efficient approximately optimal algorithm and
show that the optimal training strategy has an unstable struc-
ture. Secondly, we examine the social impact. We say that a
training scheme is socially harmful if users are better off in
a world without GenAl, i.e., if users use Forum solely. We
show the following surprising phenomena.

Theorem 1 (Braess’s paradox of generative Al). The optimal
training scheme of GenAl could be socially harmful.

Our result resembles Braess’s paradox (Braess 1968): A
paradoxical behavior of transport networks, where adding
an extra road can increase travel time. Analogously, even
though generative Al provides high-quality service that beats
human-based alternatives in the short term, it could lead to
deteriorated welfare in the long term. This counter-intuitive
observation stems from GenAl’s negative impact on the net-
work effect of Forum. After enough time without training,
users who use GenAl receive low-quality service but are
locked into GenAl, since Forum provides low-quality ser-
vice as well without a strong user traffic. Since GenAl wishes
to maximize its revenue, it could train sparsely and still gain
most of the user traffic. We further analyze the Price of An-
archy (Roughgarden 2005; Koutsoupias and Papadimitriou
1999) and show that it is unbounded.

Thirdly, we adopt the point of view of a regulator. Theo-
rem 1 implies that regulation could be required to ensure that
social welfare is greater than the counterfactual welfare in
a world without GenAl. Since the regulator is typically not
informed about GenAl’s training scheme, ensuring GenAl
is socially beneficial poses a challenge. To address this, we
develop necessary and sufficient conditions for social benefit
and show that they are tight.

1.1 Related Work

Our work is inspired by the mass adoption of generative Al,
contributing to an emergent line of work on foundation mod-
els and game theory (Laufer, Kleinberg, and Heidari 2024;
Yao et al. 2024; Esmaeili et al. 2024; Conitzer et al. 2024;
Dean et al. 2024b). This line of work includes challenges in
the training process inspired by social choice theory (Conitzer
et al. 2024) and mechanism design (Sun et al. 2024), ways to
cut training costs by pooling (Huang, Vishwakarma, and Sala
2023), and revenue sharing between different actors (Laufer,
Kleinberg, and Heidari 2024). In all of these cases, as argued
by Dean et al. (2024b), planners should aim to understand
societal impacts via mathematical modeling. Most relevant
to our work is a recent work on content creation competi-
tion (Yao et al. 2024). It models a Tullock contest (Tullock
1980) between content creators, where some content creators
use generative Al to create high-quality content, competing
for users’ engagement. The quality of the Al-generated con-
tent depends on the quality of the human-generated content.
In a broader perspective, our work relates to social considera-
tions in Machine Learning (see, e.g., (Caton and Haas 2024)
for a recent survey). In this literature, social planners aim
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to restrict the output of a machine learning-based system to
achieve long-term social welfare.

Our work also considers competition between platforms,
a well-established topic in the economic literature (Rietveld
and Schilling 2021; Karle, Peitz, and Reisinger 2020; Berge-
mann and Bonatti 2024). In the computer science literature,
recent works study the equilibrium structure in competition
between strategic cloud providers (Ashlagi, Tennenholtz, and
Zohar 2010) and optimization algorithms (Immorlica et al.
2011). Other work studies competition in multi-learner set-
tings (Dean et al. 2024a; Ginart et al. 2021; Ben-Porat and
Tennenholtz 2019; Aridor et al. 2019). Additionally, a recent
work analyzes how social welfare behaves in data-driven mar-
ketplaces (Jagadeesan, Jordan, and Haghtalab 2023), which
is similar to our view of GenAl.

Finally, a crucial part of our model is Forum’s network
effect, which is inspired by the vast economic literature on
this topic (Katz and Shapiro 1985; Rochet and Tirole 2003;
Katz and Shapiro 1986; Feldman, Meir, and Tennenholtz
2013).

2 Model

General overview of the ecosystem The setting evolves
over T discrete rounds, where in each round, a population of
users chooses between GenAl and Forum for posing their
questions. GenAl and Forum represent a Generative Al sys-
tem and a Q&A forum, respectively. We take the perspective
of GenAl, whose decisions are training times. In each round
t, we denote by x; € {0,1} whether GenAl trains or not.
We further let x = (1, ...x7) denote the training scheme
of GenAl and always assume that GenAl trains on the first
round, that is, x; = 1. Users’ decisions are stochastic; we let
p¢ denote the proportion of users selecting GenAl in round
t, with the complementary 1 — p; selecting Forum. As we
explain later, p; depends on several elements including the
training scheme x, i.e., p; = p;(x).

An instance of our problem is represented by the tuple
(r, Cm;s Ctrain, RS, R®, B, p1); we now elaborate on the com-
ponents of the model.

GenAl The revenue of GenAl consists of three key com-
ponents. Firstly, GenAl gets a reward of r € R, from users
utilizing it, where r could represent direct payment, indirect
income from advertising, etc. Secondly, GenAl pays a main-
tenance cost ¢,, € Ry. Thirdly, every time GenAl trains
it incurs an additional cost of c;.qin € R. Altogether, the
revenue of GenAl in round ¢ is v¢(x), where

Ut (X) = Pt (X)T‘ — Cm — TtCtrain-

We further let V' denote the total revenue over the 1" rounds,
namely, V (x) = + Zthl vi(%).

Users gain utility from using GenAl. We let R : N — R
denote this utility, and assume that it decreases as the time
since the last training increases. That is, R°(t — 7) is the
utility in round ¢ if the last training of GenAl occurred in
round 7 < ¢, which is decreasing in ¢. The gradual utility de-
crease captures several phenomena, such as outdated data like
the identity of current Olympic medalists, or new technologi-
cal developments that did not exist in its training data, like



newly developed Python packages. Indeed, this assumption
is well-supported empirically (Chen, Zaharia, and Zou 2023).
Since user interaction with GenAl involves queries that yield
varying degrees of relevance and timeliness, we think of R¢
as the average utility users gain from GenAl. Other than be-
ing monotonically decreasing with respect to the last training
time, we have no assumptions on the structure of R°.

As we mentioned before, GenAl strategically picks a
training scheme x. For notational convenience, we define
T(x) = {tlay = 1,¢t € [T]} to be the set of all training
rounds in x. Further, we let 74 = 7;(x) denote the time
between round ¢ and its last training before that round, i.e.,
~¢(x) =t — max {7 (x) N [t]}. Therefore, we simplify our
notations and use R¢(y:(x)) to denote the user utility in
round ?.

Forum The revenue of Forum is also derived from the
users who use it. We assume Forum is non-strategic, as its
actions could be rather complex, and it is unclear whether
or how such actions affect the ecosystem (see discussion in
Section 6).! We denote by R* : [0,1] — R, the average
user utility from Forum in round ¢. We assume that R® is
time-invariant but is influenced by network effects, a well-
established phenomenon empirically demonstrated in various
studies (McIntyre and Srinivasan 2017; Katona, Zubcsek,
and Sarvary 2011). That is, the utility R° increases with the
proportion of users 1 — p; using Forum. To ease notation, we
denote R* = R*(p;), which means R*® is decreasing as more
users use GenAl. As before, R®(p;) could have any general
form, and we only assume it is a decreasing and differentiable
function.

User behavior The instantaneous welfare in round ¢ is the
(weighted) average utility of users using GenAl and Forum,
which is given by

ug(x) = pr () B (72(x)) + (1 = pe (%)) R (pe(x)). - (1)
The (cumulative) social welfare U : {0,1}T — R, is the
sum of the instantaneous welfare over all rounds, U (x)
>y wi(x).

We now describe the proportions (p;):. For t = 1, the
proportion p; of users using GenAl is a model parameter.
We let this quantity be determined exogenously as it could
incorporate users’ willingness to be early adopters, reflecting
the population’s appetite for innovation and novelty. For ¢ >
1, we assume that user decisions are stochastic—they assign
probabilities to GenAl and Forum based on the utilities the
platforms yield. Further, users are Markovian: They base
their decisions on the rewards from the preceding round
t — 1, but are otherwise independent of their past decisions.
We formulate p; as a softmax function of the utilities from
GenAl and Forum from the last round,

) exp(BR*(21-1(x))
exp(BR(311(x) + exp(BR"(pr—1(x)))

where the temperature S is the decision sensitivity parame-
ter, determining how sensitive users are to their utility. For

» (@

'For instance, Forum could sell data or develop its own GenAL
While working on this paper, it was reported that Stack Overflow
partnered with OpenAl (Stack Overflow Blog 2024).
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instance,  — oo suggests that users are utility maximizers,
whereas 8 = 0 indicates that users are indifferent to their
utility and choose uniformly between GenAl and Forum.?

Assumptions Recall that we assume that R¢ decreases with
the time from the last training and that R*® decreases as more
users rely on GenAl. Further, for our model to be realistic,
we need to make sure that both GenAl and Forum could
be attractive to users. Formally, we assume that there exists
t € N such that

Re(t) < R°(0) < R(0). 3)

The left inequality implies that GenAl becomes inferior
if enough time has passed since its last training, while the
right inequality suggests that GenAl is better than Forum
immediately after training.

Example 1. Consider an instance with GenAl parameters
r =1, ¢y = 0.6, Crain = 0.504, utility functions R¢(t)
3-0.5%, R*(p) = 1 — p, and user behavior parameters § = 1,
p1 = 1. Let the horizon be T' = 20, and consider the training
scheme that only train at ¢ = 1, i.e., x° = (29,...,2%)
(1,0,...,0). At t = 1, the proportion is p; (x") = p;, and
the number of rounds from the last training round is y; = 0;
therefore,

u(x°) = p1 R(0) + (1 —p1)R¥(p1) = 1-3-0.5° = 3.

Notice that if all the users were to use Forum, then the users’
instantaneous welfare would have been R*(0) = 1, which is
lower than u; (x°). Thus, at t = 1, the presence of GenAl is
socially beneficial. Next, GenAl’s revenue in round 1 is

v (XO) =p1T — Cm — x?ctmm = —0.104.

Moving on to round ¢ 2, we compute the proportion
p2(x). The proportion py(x°) depends on R°(7y;) = R¢(0)
and R*(p1(x")) = R*(1); therefore,

(V)

0y __ —
P2(<") = ey sy = 095

In the second round, 7o = 1 since 5 = 0 and GenAl does
not train. Consequently, we have all the necessary informa-
tion to compute us(x") and vz (x°).

We highlight two additional training schemes. We let x"
represent the revenue-maximizing scheme, which can be
shown to train inrounds ¢ € {1,4,7,9,12,14, 17}. Addition-
ally, let x" represent the socially optimal scheme, training
in every round. Figure 1 demonstrates the social welfare of
the three schemes over time, and the counterfactual welfare
tR*(0) obtained when users can only use Forum.

We observe several findings. First, the three schemes gen-
erate slightly higher welfare in the first round than the coun-
terfactual due to our assumption in Inequality (3). Second, as
we expect, x" generates the highest welfare over time. Third,
xY provides higher welfare than the counterfactual till ¢ = 6,
and then they reverse. Namely, x" makes users worse off. In
that regard, notice that x", the revenue-maximizing scheme,
turns out to be better than the counterfactual in the long run.

?In practice, users can post their questions sequentially on both
platforms; we model this process as two separate rounds.
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Figure 1: Social welfare over time in Example 1. The schemes
x%, x", and x¥ are the no-training, revenue-maximizing, and
welfare-maximizing schemes, respectively. The counterfac-
tual welfare is the welfare users obtain in a world without

GenAl.

3 GenAl’s Revenue Maximization and Cyclic
Training Schemes

In this subsection, we consider GenAl’s revenue-
maximization problem. We start by developing a dynamic
programming-based approach to approximate the optimal
revenue. Then, we highlight a class of simple training
schemes—cyclic schemes, which train every fixed number of
rounds. We show a surprising result: Cyclic schemes could
be highly sub-optimal.

Recall that training schemes are binary vectors; hence, we
can inefficiently find GenAl’s revenue-maximizing scheme
by considering all 27 options. However, as we show next,
there is an efficient algorithm that approximates the optimal
revenue for a broad class of instances. We defer the full
description of the algorithm to the appendix, and only write
its formal guarantees.

Proposition 1. Fix any instance such that R is L-Lipschitz
satisfying R*(1) = 0 and 8- L < 2. For any ¢ > 0 such

that ¢ < —8=T8L

TABLe LT there exists an algorithm that runs in

2 . . .
0 (T? time and returns a scheme x satisfying V(x) >
maxy V(x') —erT.

Despite that Proposition 1 provides a way to approximate
GenAl’s revenue, such an approach has several weaknesses.
First, from a practical standpoint, polynomial runtime can
still be infeasible if the horizon 7' is large. Second, solutions
obtained by dynamic programming can be uninterpretable,
possibly hiding issues like large deviations in welfare over
time. And third, GenAl’s revenue may occasionally be neg-
ative for several consecutive rounds. Although we do not
require a positive revenue balance over time in our model,
this can be a weakness in real-world scenarios.

To that end, we examine a wide class of cyclic training
schemes. As we show, cyclic training schemes offer certainty
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in both user utility and revenue. They create cycles in which
utility and revenue can vary, but they become (asymptotically)
constant over different cycles. Furthermore, cyclic training
schemes could enjoy planned obsolescence (Bulow 1986;
Lee and Lee 1998)—the practice of releasing new product
versions at fixed intervals to encourage repeated purchases
and maintain market share. The formal definition of a cyclic
training scheme is as follows.

Definition 1 (k — cyclic training scheme). We say that x is
k-cyclic for k € N if

Note that for all £ € N, a k-cyclic scheme always trains in
the first round ¢ = 1, which is consistent with our definition
of a scheme.? As the next proposition shows, cyclic training
schemes are stable over time.

Ty =

1 ¢ (modk)=1
0 otherwise '

Proposition 2. Fix an instance and k € N. There exists a
sequence of constants (qF)¥_, such that for every i € [k), it
holds that

: ky\ _ x
lim  pragi(x7) = 47,
1, T— o0

where X% is the k-cyclic scheme for T rounds.
As an immediate corollary of this proposition, we get that
Corollary 1. It holds that

° liInl7T~>oo vl-k+i(X’7€’) = q:(T —Cm — ﬂi:lctrain
o Himy 7o Wi (x5) = ¢ RE(i — 1) + (1 — ¢F)R*(q}).

Corollary 1 ensures that both welfare and revenue are
(asymptotically) constant in every step of every cycle. That
is, they can vary inside a cycle but become constant in the
same step ¢ across different cycles.

Intuitively, one would expect cyclic schemes to be opti-
mal, or at least approximately optimal. Indeed, optimizing
the cycle length k to maximize revenue-per-cycle seems to
maximize the revenue V, as the revenue-per-cycle is guaran-
teed to converge. Surprisingly, this is not the case even for
“standard” instances like the one in Example 1.

Theorem 2. Fix the instance in Example 1. There exists
T* € N, such that for any T > T* and any cyclic training
scheme x, it holds that

V() - V(x) = 0(1).

max

x'€{0,1,}7
Proof sketch of Theorem 2. The proof of the theorem is
rather technical. To prove the theorem, we need to show
that a non-cyclic scheme outperforms all/ cyclic schemes by
a non-negligible quantity. First, we present several key lem-
mas that allow us to focus on cycles with bounded length.
Then, we analyze the convergence rate of the proportions
from Proposition 2 using contraction of local neighborhoods.
This allows us to upper-bound the revenue-per-cycle for any

*In our formal statements, we address a more general definition
of cyclic schemes, allowing the prefix and suffix of a cyclic scheme
to behave arbitrarily. However, as long as their length is constant
w.r.t. to 7', all of our results still hold; thus, we focus on this simpler
form here.



cycle length and thus the revenue. Finally, we provide another
(non-cyclic) training scheme and use similar techniques to
lower-bound its revenue. The proof is completed by showing
that the lower bound of our non-cyclic scheme is better than
the highest upper bound of cyclic schemes. 0

4 Social Impact

In this section, we explore societal implications, demonstrat-
ing that the presence of GenAl can be socially harmful, re-
ducing social welfare compared to its absence. We begin
with a formal definition of social harmfulness and then show
a counter-intuitive phenomenon: Optimal GenAl policies
could be socially harmful. We flash out the main issue be-
hind social harmfulness, which is prolonged periods without
training. Later, Subsection 4.1 analyzes the Price of Anarchy,
quantifying the inefficiency due to strategic behavior.
Next, we formally define the notion of social benefit.

Definition 2 (Socially beneficial scheme). We say that a
training scheme x is socially beneficial if

U(x)>T-R*0). 4)

Definition 2 compares the social welfare with and without
the presence of GenAl. The left-hand side of Inequality (4) is
the social welfare in the presence of GenAl under the scheme
x. The right-hand side represents the counterfactual social
welfare in the absence of GenAl, where all users choose
Forum, similarly to the counterfactual welfare in Example 1.
Conversely, if Inequality (4) does not hold, we say that x is
socially harmful. Interestingly,

Observation 1 (Braess’s paradox of generative Al). There ex-

ist instances where the optimal training scheme X is socially
harmful.

Observation 1 suggests that using GenAl can lead to de-
teriorated welfare, a paradox analogous to Braess’s paradox
in traffic networks (Braess 1968). Indeed, since GenAl can
potentially provide a better utility than Forum, why does it
occur?

Two simultaneous forces cause this paradox. First, when
users rely on GenAl, they decrease their usage of Forum.
Since user utility from Forum depends on network effects,
lower usage results in reduced utility. And this is where the
second force enters: To keep its dominance, GenAl need
not train much. After prolonged periods without training, its
utility diminishes but is still better than the low utility from
Forum since its network effect is weak.

4.1 Price of Anarchy

In this subsection, we explore another useful way to quantify
social harmfulness. We adopt the Price of Anarchy (PoA),
measuring the inefficiency due to strategic behavior (Kout-
soupias and Papadimitriou 1999; Roughgarden 2005). In our
context, let X be the set of revenue-maximizing training
schemes. For any instance I, the PoA is defined as

PoA(T) = XxUG)

mingex U(x)

The next proposition demonstrates that the PoA is un-
bounded.
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Proposition 3. For every M & R, there exists an instance
I with PoA(I) > M.

Proof sketch of Proposition 3. To prove the proposition,
we focus on the terms R*(1) and R°(t) for large values
of t. The former is the utility from Forum when all users
use GenAl, while the latter is the utility from GenAl after ¢
rounds without training. Consider an instance with parame-
ters that satisfy R°(¢) > 0, R*(1) = 0 and = oo. For this
selection of sensitivity, the users are strategic, i.e., p(x) = 1
if R°(y¢—1) > R*(p+—1(x)). Due to our assumption in Equa-
tion (3), this property pushes users to choose GenAl with
pi(x) = 1 for every ¢ and every training scheme as R°(t) >
R*(1) = 0. GenAl has no incentive to train, and there-
fore the no-training scheme x° is the revenue-maximizing
scheme, inducing U (x°) = Zthl R¢(t — 1). On the other
hand, training in every round maximizes the welfare; hence,

— c _ TR®(0)
maxx U(x) = T'R°(0). Overall, PoA(I) = ST Re(i=1)”

which could be arbitrarily large if lim; ,o, R°(t) =0. O

S Regulating Training Frequency
Despite that GenAl could be socially harmful, as the previous
section demonstrates, there are socially beneficial training
schemes (e.g., training every round). In this section, we aim to
identify interventions to GenAl’s scheme that could mitigate
its harmful effects. We develop a set of requirements that
could be imposed on GenAl by a regulator.

The regulator’s ability to intervene depends on its knowl-
edge of the instance. We assume that the regulator has com-
plete information on user-related parameters: The utility func-
tions R®, R¢ and sensitivity (. If the regulator could demand
GenAl to commit to a publicly known training scheme, it
could verify that the scheme is socially beneficial. However,
the regulator does not have access to any proprietary infor-
mation belonging to GenAl and Forum. In particular, the
regulator lacks knowledge of the scheme x and the resulting
proportions (p¢)¢.

5.1 Welfare Between Two Consecutive Training
Rounds

Our approach to ensure social benefit is to bound the maximal
number of rounds between training. In this subsection, we
explain why such a regulation is fundamental in guaranteeing
social benefit. Let 71, ..., 77| be the ordered elements of
the training rounds 7, and let T|T|4+1 = T + 1. A sufficient
condition for social benefit is that the inequality

Tig1—1

Z ug(x) > (1341 — 1) - R°(0) 5)

t=T1;

would hold for every i € T. To see why, fix a scheme x.
Notice that if Inequality (5) holds, then

T Tit1—1 T
U)=3" 37 w(x)2Y (riva—7)-R(0)=T-R*(0);

hence, x is socially beneficial by definition. As a result, ensur-
ing Inequality (5) holds allows the regulator to ensure social
benefit.



To that end, fix an arbitrary training round 7 and let A
denote the number of rounds between 7 and the next training
round (i.e., 7 + A € T). Recall the definition of u(x) in
Equation (1). If the regulator knows p, (x), it could compute
u,(x) as it only depends on p, (x) and the fact that 7, = 0.4

The regulator could also compute p,y+(x) for any ¢ €
{0,..., A — 1}, due to the Markovian nature of the propor-
tions; thus, it could compute u.,4.(x) for those rounds as
well. To sum, if the regulator knows p,(x), it could compute

ZITA oy (x) and determine whether Inequality (5) holds.
However, as noted before, the regulator cannot generally

access the proportions (p¢)¢.

5.2 Bounding the Proportions

In this section, we develop non-trivial bounds on
ZtA: Bl ur4+¢(x). Specifically, we use crude bounds on p, (x)
for any scheme x, and unravel the structure of the Markovian
update of proportions to non-trivially bound p,1+(x) for any
t € {0,...,A — 1}. The next technical lemma demonstrates
the monotonicity of the induced proportions.

Lemma 1 (Monotonicity). Fix an instance and a training
scheme x, and let (p;)}_, be the induced proportions. Fur-
ther, let (p})L_, be the induced proportion of the same in-
stance except that the initial proportion is py > p1. Then, for
every t € [T] we have p; > py.

Next, we introduce the auxiliary sequence (gf*)$2, for
every « € [0, 1]. We define ¢§* such that

q?{

Note the resemblance between the recursive update of ¢ and

the definition of p,; in Equation (2). For instance, if o =

pr(x), we get ¢ = pry4(x) forevery t € {0,... A —1}.
An immediate consequence of Lemma 1 is that

Corollary 2. Foreveryt € {0,...A — 1}, it holds that

(0%

t=0
t>0"

$BRC(t—1)

eﬁRC(tfl)—i-eBRs(q?*l)

@ < pr(x) < qp. (6)

Notice that the left term of Inequality (6) is obtained by
selecting o = 0, while the right term is obtained by selecting
o = 1. Using the bounds in Corollary 2, we can sandwich
the utility u,4.(x) forevery t € {0,...A — 1} by

w = ¢/ RO(t) + (1 — a0 R*(a),

=g R(t) + (1 — ) R (a})- (7
Indeed, the reader can verify that v, < u,1¢(x) < @.
Equipped with Inequality (7), we are ready to give neces-
sary and sufficient conditions.

Theorem 3. Fix an instance and a scheme x, and let A\ be the
maximal number of rounds between two consecutive training
rounds.

* Sufficient condition: IthA:Bl u, > AR®(0) holds, then
x is socially beneficial.

“To verify such a requirement is fulfilled, the regulator must be
informed when GenAl trains. This is a realistic assumption that is
also studied in recent research (Chen, Zaharia, and Zou 2023).
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* Necessary condition: If x is socially beneficial, then
A1, > AR*(0) holds.

t=0 Ut
Theorem 3 provides the regulator with powerful tools. If
the regulator is proactive, it can restrict GenAl to schemes
that satisfy the sufficient condition. By doing so, it ensures
that GenAl is socially beneficial, at the expense of a rev-
enue decrease for GenAl. Alternatively, if the regulator is
more passive and only wants to intervene when GenAl is
guaranteed to be socially harmful, it could act as soon as the
necessary condition is violated.

5.3 Access to Noisy Estimates

While Theorem 3 provides a practical approach, it does
not quantify how far the bounds are from the actual util-

ity. Specifically, the upper bound Zf: _01 us and the lower
bound Zf:_ol u, could be distant from the actual utility

ZtA;OluTH(X). This subsection provides a remedy. From
here on, we limit our attention to instances where R* is L-
Lipschitz satisfying R*(1) = 0 and SL < 1—76

Recall that we have previously assumed that the regulator
is not informed about the proportions at all. However, in some
cases, the regulator might have access to noisy estimates of
the proportions. For instance, the regulator could survey the
population and form a confidence interval on the proportion.
Next, we shall assume that for every ¢ € [T, the regulator
can construct an estimate p such that |p;(x) — p| < ¢ for
€ > 0. Furthermore, we assume ¢ is known to the regulator,
i.e., it knows the size of the confidence interval.

In such a case, we can complement our monotonicity result
(Lemma 1). The next theorem shows that the Markovian
update of proportions forms a contraction mapping.

Theorem 4. Fix any instance and scheme x. Let € > 0 such

that e < %. There exists v = v(8, L,¢), v € (0,1)
such that if |p-(x)—q§| < ¢, then foreveryt € {0,... A—1}

it holds that |pr+(x) — | < e-~".
Theorem 4 implies that we expect the upper (or lower)

bound ¢;* to approach the actual proportion p, 4+ at an expo-
nential rate.

Example 2. Recall the instance in Example 1 and the no-
training scheme x°. Figure 2a demonstrates contraction for
p¢(x) assuming different initial proportions p;. After three
rounds, the resulting p;(x") is indistinguishable.

In contrast, consider the instance R°(t) = 1.1 - 0.8,
R*(p) = m, B = 10. Figure 2b examines how

pi(xY) changes over time for various selections of p;. This
instance violates the condition 5L > 16 resulting in diver-
gence. Specifically, for p; € [0, 0.7], the proportion in later
rounds convergence to 0. For p; € [0.8, 1], the proportion
converges to 1. Importantly, two close initial proportions in
the range (0.7, 0.8) could converge to different proportions
in later rounds.

From here, we use Theorem 4 and the regulator’s informa-
tion p and ¢ to provide much tighter necessary and sufficient
conditions. For every ¢t € {0,...,A — 1}, instead of us-
ing the crude lower bound ¢} on p,+(x) from Corollary 2,
we use the more tighter bound ¢}~ °. Indeed, by the way
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(a) Demonstrating contraction for the instance in Example 1.
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Round ¢

(b) Demonstrating expansion for the instance in Example 2.

Figure 2: Demonstrating contraction and expansion of long-term proportions with varying initial proportions p;. In Figure 2a,
strong contraction applies. The proportion p3 for £ = 3 is almost invariant to p;. In Figure 2b, the initial proportion determines
whether the long-term proportion converges to 0 or 1, showcasing that even an e-close estimate can be unfruitful to the regulator.

we deﬁne the auxiliary sequence ¢, if p — ¢ < pT( ) then

g~¢ < p,(x); thus, Lemma 1 ensures that ¢* < < p,,(x)
forevery t € {0, ..., A—1}. We form a similar upper bound

¢""° > p,o4(x) since p + & > p,(x). To enhance readabil-
ity, we use the shorter notation q, for the lower bound, i.e.,

q,= ¢"¢,and g, = ¢°~ for the upper bound. Therefore, we
know that forevery t € {0,..., A — 1}, ¢, < pr44(x) < G,
Using these bounds on the proportion, we improve the pre-
viously proposed bounds on the instantaneous welfare from
Equation (7),

uy = QtRc(t) + (1 =7,)R(q,),

u; = q k() + (1 — ¢, ) R°(q,)- ®
As before, we have u§ < u,4+(x) < @;. Using Theorem 4,
we show the following proposition.

Proposition 4. Fix any instance and scheme x. Let € > 0
such that £ < 21?,8% There exists 7 = ~v(B,L,e¢), v €
(0, 1) such that for every t € {0, ..., A — 1}, it holds that
0 < urpe(x) — uf < 27" (RO(1) +2L),
0 < U5 — urye(x) < 26" (RE(t) +2L) .
The next theorem combines all the results of this section.

Theorem 5. Fix any instance and scheme x. Let € > 0 such

that € < ;;;%. There exists v = (B, L,€), v € (0,1)
such that
A-1 A-1 A-1
> - Z uf <4e ) A (RU(H)+2L).  (9)
t=0 t=

t=0

The theorem assists the regulator in several ways. First,
imagine a proactive regulator wishes to enforce the suffi-
cient condition of Theorem 3 using the improved bounds u;,

namely to require that Zt 0 Y u¢ > AR%(0). In such a case,
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the regulator could argue that the margin between Zf‘: _01 ug

and the actual welfare Ef:_ol utr+¢(X) is small; hence, this
sufficient condition is not too stringent. Second, imagine a
passive regulator that intervenes only if it knows that GenAl

is socially harmful, that is, if ZtA 01 u; < AR®(0). The
passive regulator is guaranteed that if it does not intervene,
the extent to which GenAl could be harmful is less than the

right-hand-side of Inequality (9).

6 Discussion and Future Work

This paper initiates the research on the dynamics of the com-
petition between generative Al and human-based platforms.
After introducing the formal model, we studied GenAl’s
revenue-maximization problem. We have proposed an approx-
imately optimal algorithm, and showed that optimal schemes
are not cyclic. Then, we analyze social welfare. We demon-
strated a Braess’s paradox-like phenomena, where despite
that GenAl is initially socially beneficial, its impact on Fo-
rum’s network effects leads to deteriorated welfare. We also
showed an infinite Price of Anarchy. Finally, we developed
tools that could assist regulators to ensure that GenAl is so-
cially beneficial in the long term without the need to use any
proprietary information privately known to GenAl.

We see considerable scope for future work. From a tech-
nical perspective, some of our results apply to sub-classes
of instances. For example, the statements in Subsection 5.3
are relevant in cases where SL < 1—76. We suspect that this
is a by-product of our analysis and the techniques we use to
show contraction. Future work could overcome this limitation.
More conceptually, our model assumes that Forum is non-
strategic. Future work could relax this assumption, modeling
Forum as a strategic player, e.g., a data seller, relating to
works on information markets (Bergemann and Bonatti 2019;
Chen et al. 2018; Chen, Xu, and Zheng 2020). In such a case,
Forum could strategically decide what to sell, when to sell,
and at which price, thereby affecting the welfare dynamics.
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