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Abstract

Existing work on the alignment problem has focused mainly
on (1) qualitative descriptions of the alignment problem; (2)
attempting to align Al actions with human interests by fo-
cusing on value specification and learning; and/or (3) focus-
ing on a single agent or on humanity as a monolith. Recent
sociotechnical approaches highlight the need to understand
complex misalignment among multiple human and Al agents.
We address this gap by adapting a computational social sci-
ence model of human contention to the alignment problem.
Our model quantifies misalignment in large, diverse agent
groups with potentially conflicting goals across various prob-
lem areas. Misalignment scores in our framework depend on
the observed agent population, the domain in question, and
conflict between agents’ weighted preferences. Through sim-
ulations, we demonstrate how our model captures intuitive
aspects of misalignment across different scenarios. We then
apply our model to two case studies, including an autonomous
vehicle setting, showcasing its practical utility. Our approach
offers enhanced explanatory power for complex sociotechnical
environments and could inform the design of more aligned Al
systems in real-world applications.

Code —
https://github.com/RIET-1ab/quantifying-misalignment

Appendices — https://arxiv.org/pdf/2406.04231

1 Introduction

In recent years, growing concerns have emerged about the
Al alignment problem (e.g. Russell 2019; Christian 2020).
Russell (Russell 2019) made the bold yet compelling claim
that social media Al is already misaligned with humanity
(e.g. through extensive disinformation spread). As agentic
Al systems are growing in importance and increasingly de-
ployed (Kapoor et al. 2024), concerns about misalignment of
agent-based systems have grown (Chan et al. 2023; Gabriel
et al. 2024). Yet with few exceptions (e.g. Critch and Krueger
2020), much prior work focuses on single Al settings (Ji
et al. 2024), on value specification and learning (Critch and
Krueger 2020; Leike et al. 2018), or centers technosolution-
ist fixes. A healthier alternative would set a sociotechnical
lens (Lazar and Nelson 2023) on multi-agent settings (Gabriel
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et al. 2024), which may include a complex mix of Al agents
and humans, potentially holding a dizzying array of compet-
ing and often conflicting goals. Critch and Krueger posed
the question, “where could one draw the threshold between
‘not very well aligned’ and ‘misaligned’[..]?” (2020, pg. 14),
while Lazar and Nelson call for a “sociotechnical approach
to Al safety,” stating unequivocally that “no group of experts
(especially not technologists alone) should unilaterally decide
what risks count, what harms matter, and to which values safe
Al should be aligned” (2023). To consider the alignment of
Al in its sociotechnical environment, we need to expand our
definitions of alignment toward a sociotechnical, agent-based
understanding that accounts for the complexity of real-world
systems in an increasingly Al-agentic world. The question
emerges: with whom are agents aligned or misaligned, and
on what areas? The alignment of an Al agent or system might
be with an adversary, rather than with the developers and/or
owners of it; and the alignment—or lack thereof—might be
context-, user-, or agent-dependent.

To that end, we propose a novel probabilistic model of mis-
alignment that is predicated on the population of agents being
observed (whether human, Al, or any combination thereof),
as well as the problem area at hand and, by extension, the
agents’ values and sense of importance regarding that area.
To do so, we extend and adapt a model of contention from
computational social science (Jang, Dori-Hacohen, and Allan
2017) and apply the adapted model to the alignment problem.

Our contributions in this paper are as follows:

1. We introduce a novel mathematical model of misalign-
ment which accounts for a population of human and Al
agents, and which is parameterized by problem areas, al-
lowing any pair of agents to be simultaneously aligned
and misaligned. Our model affords explanatory power for
the complexity of real-world, sociotechnical settings in
which Al agents are deployed.

2. We simulate a set of worlds with a variety of agents, prob-
lem areas, and goals in order to study key drivers of mis-
alignment under our model.

3. We showcase important features of our model in two case
studies that are difficult to account for in previous models,
namely, (a) a shopping recommender system and (b) a pre-
crash autonomous vehicle (AV) decision-making setting.

The remainder of the paper is organized as follows: after



sharing related work (§2), we define the model mathemat-
ically (§3). We then describe the setup of our simulation
(§4) and discuss the results of different initial settings (§5).
Next, we turn to our two case studies (§6) and concluding
discussion (§7).

2 Related Work

The deployment of powerful agentic Al systems has led to
increased concerns about misalignment (Chan et al. 2023;
Gabriel et al. 2024). Several researchers argue that exist-
ing Al systems already exacerbate threats to information
ecosystems and collective decision-making (Bucknall and
Dori-Hacohen 2022; Dori-Hacohen et al. 2021; Russell 2019;
Bak-Coleman et al. 2021; Seger et al. 2020). However, most
prior work defines misalignment as a global characteristic
of an Al system, often as a binary (Sierra et al. 2021). Re-
cent work in machine ethics attempts to answer questions
like “whom should AI align with?”, while others measure
alignment with respect to “human values” (Ji et al. 2024).
However, while some researchers have noted alignment is-
sues posed by value pluralism (Gabriel 2020), methods for
measuring (mis)alignment between different cultures and Al
agents remain underdeveloped.

To expand our understanding of misalignment to address
this gap, our work draws significant inspiration from a compu-
tational model of contention in human populations proposed
by Jang, Dori-Hacohen, and Allan (2017). Their model quan-
tifies the proportion of people in disagreement on stances
regarding a topic, parameterized by the observed group of
individuals. We extend this approach in several key ways:
(1) we adapt the model to capture misalignment with respect
to goals, rather than stances on topics; (2) we extend the
population to include both human and AI agents, allowing
for analysis of mixed-agent scenarios; (3) we introduce the
concept of “problem areas” to segment and analyze align-
ment across different domains of interaction; (4) we allow
for varying levels of goal conflict and importance, providing
a nuanced representation of alignment dynamics. While the
contention paper focused on controversy in public discourse
(Jang, Dori-Hacohen, and Allan 2017), our model provides
a framework for quantifying misalignment in complex so-
ciotechnical systems where humans and Al agents interact.
This approach offers greater real-world explanatory power,
with applications in both Al research and policy (see §C).

3 Modeling Misalignment in Populations

Our approach to modeling misalignment rests on a key obser-
vation: understanding and "solving" the Al alignment prob-
lem requires first grappling with the challenges of aligning
humans. The ubiquity of human conflicts highlights the dif-
ficulty of alignment even without Al. Adapting the com-
putational contention model’s individualized framing (Jang,
Dori-Hacohen, and Allan 2017), we quantify misalignment
based on each human and Al agent’s goals in problem areas.

Definitions and Notation. We define A = {a;..a,,} as a
set of n agents and P = {p1..pm } as a set of m problem
areas of interest to at least one agent in A. h(a,g,j) is a
relationship denoting that agent a holds goal g in problem
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area j. gj is the goal held by agent ¢ in problem area j, and
w; is the weight, representing the importance that agent ¢
assigns to problem area j.

We define Qj = {91,992, ..gr} as the set of k non-zero
goals with regards to problem area j in the set of agents A.
We use gg to denote that an agent holds no goal with respect
to problem area j:

ha,go,j) <= Bg € G; st. h(a,g,j). )

Let G; = {go} U g} be the set of k + 1 extant goals with
regard to j in A.

Measuring Conflict. In order to capture the notion that
goals can be compatible or conflicting, we introduce c, the
probability that a pair of goals is incompatible:
* Pr(c=1lg},g7) = 1: Goals g, and g2 are in complete
conflict; they are mutually exclusive.
* Pr(c = 1lg,,g3) = 0: Goals g, and g2 are completely
compatible and aligned.

For readability, we use ¢(g, g2) as shorthand for Pr(c =
1]g}, g2).Since ¢ represents the probability of conflict be-

tween goals, it is a real number bounded in the range [0, 1].
By construction, ¢(g¥, g) = 0 and (g%, g5) = 0.

Goal Groups. We define a goal group as a subset of agents
that holds the same goal:

Ag = {a € Alh(a, g,5)} 2
By construction, A = [J, A,.

Quantifying Misalignment. In a single problem area, we
can quantify misalignment as the probability that two ran-
domly selected agents will hold incompatible goals:

Pr(1|A, p) := Pr(a1, a2 selected randomly from A, 3
a1 # az2) - ¢(gp, 9p)
The multiplication of the sampling and conflict compo-
nents calculates the probability that any two randomly se-
lected agents’ goals will be in conflict. By doing this for all
possible pairs of agents, we obtain an overall measure of
misalignment in the population for a given problem area. The
equation assumes the following constraints:

1. Each agent holds no more than one goal per problem area.

2. A lack of a goal (gp) is not in conflict with any explicit
goal.

3. All agents are equally likely to be selected.

We discuss the practical limitations of these constraints and
how to remove them in Appendix A. Note that the conflict
function ¢(+, -) allows for varying degrees of conflict between
goals, rather than just binary conflict/no-conflict situations.
Finally, the equation provides a single real scalar in the range
[0, 1] representing the overall misalignment in the population
for a specific problem area. The benefit of this approach
is that it affords a simple representation capturing the real-
world phenomena of “strange bedfellows,” where a pair of
agents may be highly aligned in one specific area despite
being highly misaligned in others.



Algorithm 1: Initialize World and Add Agents
Require: m = |P|,n=|A|, K =[|G1],---,|Gml]
Require: Randomize, Range, Preset

1: world.P < [p1,...,pm]
2: for j = 1tomdo

3: world.pj.g — [917 N agK[j]]
4: fork =1to K[j] do
5: fori =k + 1to K[j] do
6: if Randomize.conflict = TRUE then
7: world.p;.c(gx,q1) <
random(Range.conflict.min, .max)
8: else
9: world.p;.c(gx,q1) < Preset.conflict[j][k][1]
10: end if
11: end for
12:  end for
13: end for
14: for ¢t = 1 ton do
15: a; < {}
16: for j =1tomdo
17: if Randomize.goals = TRUE then
18: a;.g§ + random(world.p;.G)
19: else
20: a;.g§ + Preset.goals[i][j]
21: end if
22: if Randomize.weights = TRUE then
23: a;.w} + random(Range.weights.min, .max)
24: else
25: ai.wé < Preset.weights[i][j]
26: end if
27:  end for
28:  world. A < world. AU {a;}
29: end for

30: return world

Mutually Exclusive Goals. To simplify our analysis, we
can consider scenarios with mutually exclusive goals, mean-
ing that each goal in p completely conflicts with each other
goal in p. This constraint allows for a more straightforward
quantification of misalignment as follows:

deg Zg’e@,g’<g 2|A9||Ag’|
lA[(lA] — 1)

Where |A,| is the number of agents holding goal g and
|A] is the total number of agents. The alignment probability
is then simply Pr(0|A, p) = 1 — Pr(1|A,p).

This equation allows us to derive a parametric quantity for
misalignment of uniformly distributed agents in the range

[0, \g||gf‘1) See §5.1, §5.2, and §5.4 for experimental con-
firmation of this bound, and Appendices B.3 and B.4 for
mathematical proof and interpretation.

Pr(1]A,p) = )

Overall Misalignment Across Problem Areas. To find
the misalignment of A across all problem areas, we take the
arithmetic mean of Pr(1|.A, p) across all p’s for that A. Some
problem areas are more important to us than others, and this
importance changes depending on the agent. To aggregate
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misalignment accordingly, let each agent have a weight pa-
rameter w for each problem area, such that 0 is the minimum
amount an agent can care about a problem area, and 1 is
the maximum amount. Then, multiply each problem area’s
misalignment by the geometric mean of the sampled agents’
weights for that p. This gives us the following equation:

Pr(1)A,P) :=

1
— P selected randomly fi
P E ( r(a1, a2 selected randomly from A )

pEP

Interpreting Misalignment Scores. The misalignment
score provides insights into the degree of goal conflict within
a set of agents:

a1 # az) - e(gy, gp) -\ w - w3

* A score of 0 indicates perfect alignment (all agents share
identical or fully compatible goals).

|G\j1

9l . :

(goals are evenly distributed and in conflict).

* A score approaching indicates high misalignment

* Intermediate scores suggest varying degrees of misalign-
ment, which can be further analyzed by examining spe-
cific goal distributions and conflict levels.

This model provides a flexible framework for analyzing
misalignment in complex scenarios involving multiple agents,
problem areas, and goals. It can be applied to a wide range of
situations, from social dynamics to Al alignment challenges.

4 Simulation & Experimental Setup

To gain a deeper understanding of how different variables
in our model influence misalignment, especially in larger-
scale settings, we conducted a series of simulations. These
empirical experiments complement our theoretical model and
inform our later case studies.

We created abstract "worlds" with various configurations
of problem areas, goals, agents, conflict scores, and impor-
tance weights. This approach allowed us to systematically
explore the impact of changing one or more variables on
overall misalignment scores.

Our simulation framework, outlined in Algorithm 1, ini-
tializes a world with specified parameters and populates it
with agents. Each problem area has one or more goals (in-
cluding a null goal with zero weight), and agents hold one
goal per problem area. We treat an agent with zero weight in
a problem area as equivalent to holding no goal in that area.

We conducted the following experiments, each focusing
on different aspects of our model:

1. Varying Problem Areas: We randomly assigned non-
zero goals to agents, plotting results for different numbers
of problem areas, each with three goals. All agents held
their goals with maximum weight, and all goal pairs had
maximum conflict values (Figure 1).

. Varying Goals: Similar to the first experiment, but we
kept the number of problem areas constant and varied the
number of goals (Figure 2).



3. Weight Sensitivity: We investigated the effect of chang-
ing weights for a single goal group. We simulated 1000
agents, varying the weight of Goal 1 in Problem Area 1
for agents holding that goal, while keeping all other goals
at maximum weight. We plotted this for 1 to 4 problem
areas with 2 or 4 goals each (Figure 3).

4. Goal Distribution: We plotted 1000 agents distributed
deterministically among 2 or more goals, varying the pro-
portion of agents assigned to goal 1 and distributing the
remaining agents evenly to the remaining goals. All con-
flicts and weights were kept constant at 1 (Figure 4).

5. Conflict Levels: We varied the number of goals in each
problem area and plotted the results using different num-
bers of problem areas and conflict levels, while randomly
assigning each agent’s weights for their goals (Figure 5).

For overall population misalignment across multiple prob-
lem areas, we used the arithmetic mean of area-specific mis-
alignment scores. We allowed agents’ weights across problem
areas to sum to more than 1, as normalizing weights led to
unintuitive results where misalignment scores depended more
on the number of problem areas than on the agents’ relative
prioritization of each area. In these experiments, we excluded
null goals in order to make the effects more clear.

5 Results

We present key findings from the five experiments that ex-
plore different aspects of misalignment dynamics.

Varying Problem Areas. Figure 1 illustrates how misalign-
ment evolves as we increase the number of agents, with
varying numbers of problem areas. The results reveal a con-
sistent pattern across different numbers of problem areas.
Initially, there is high variance in misalignment due to the
random distribution of goals among a small number of agents.
However, as the population size increases, the misalignment
converges to a stable value. Notably, this convergence point
is independent of the number of problem areas, because the
overall misalignment is calculated as the arithmetic mean
across all areas and each problem area has the same popula-
tion misalignment. This finding demonstrates that our model
captures the intuitive notion that larger populations tend to
stabilize in their overall misalignment, even when they may
have different early dynamics. It suggests that in complex
multi-agent systems, the aggregate level of misalignment be-
comes more predictable as the number of agents grows and
their goal distribution settles.

Varying Goals. Figure 2 shows that as the number of con-
flicting goals per problem area increases, so does the overall

misalignment. For a problem area with G non-zero goals,
the misalignment approaches % as the number of agents

grows. This pattern aligns with the intuitive understanding
that a greater number of mutually exclusive goals leads to
higher potential for misalignment within a population. The
result highlights our model’s ability to capture the complexity
of multi-goal scenarios, reflecting the increased potential for
conflict as the number of distinct goals grows. It suggests
that in real-world situations, systems with a higher number
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Figure 1: Varying Problem Areas. Random goal assign-
ment, 3 goals per problem area, 100 runs per data point, max
weights mutually exclusive and conflict values. Null goals
disallowed.
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Figure 2: Varying Goals. Random goal assignment, 4 prob-
lem areas, 100 runs per data point, max weight and conflict
values. Null goals disallowed.

of competing objectives are likely to exhibit greater levels of
misalignment, showing the importance of goal prioritization
and conflict resolution in multi-agent environments.

Weight Sensitivity. Figure 3 examines the effect of chang-
ing weights for a single goal group in one problem area,
while keeping other weights at maximum. When the weight
of one goal group is reduced to zero in a single problem area,
it effectively eliminates misalignment for that specific area.
This aspect of the model captures scenarios where some ob-
jectives are irrelevant or unimportant to a subset of agents. As
more problem areas are added to the simulation, the impact
of weight changes in a single area diminishes, reflecting the
model’s capability to balance multiple concerns. Interestingly,
when the number of goals per problem area is increased to
four, the misalignment starts at a higher level and approaches

0.75, consistent with the % pattern observed in the previous
experiment. These findings show that our model is sensitive
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to goal weights and can capture nuanced interactions between
problem areas. They suggest that in complex systems, the rel-
ative importance assigned to different goals can significantly
influence overall alignment, and that this effect is modulated
by the number of problem areas considered.

Goal Distribution. Figure 4 shows how the dynamics of
misalignment change as we vary the proportion of agents
assigned to different goals. Notably, misalignment reaches its
peak when goals are evenly distributed among agents. Specifi-
cally, for a problem area with G non-zero goals, the maximum
misalignment occurs when the proportion of agents assigned
to any single goal is é As the population becomes more
homogeneous in its goals - that is, as a larger proportion of
agents adopt the same goal - the overall misalignment de-
creases. As the Goal 1 group shrinks, agents are redistributed,
so the leftmost value of each curve is the peak value of the
curve with one less goal. This pattern holds regardless of the
total number of goals, though the peak misalignment value
increases with the number of available goals. The results
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Figure 5: Conflict Levels. 120 agents, 100 runs, random
weight range (0.25, 0.75). Null goals disallowed.

suggest (intuitively) that in real-world scenarios, divided pop-
ulations with few common objectives are more misaligned
than to those with a more dominant consensus.

Conflict Levels. Figure 5 explores the effects of varying
conflict levels across different numbers of problem areas and
goals. Each problem area is assigned a single conflict value
for all of its goal pairs.

As expected, misalignment increases with both the number
of goals and the level of conflict between goals. However, the
effect of multiple problem areas is more nuanced, depending
on the average conflict across those areas rather than their
individual values. Notably, scenarios with the same average
conflict level converge to similar misalignment values, regard-
less of how that average is achieved across different problem
areas. This finding suggests that our model effectively cap-
tures the aggregate effect of conflicts across multiple domains,
providing a holistic view of misalignment. More broadly, this
demonstrates our model’s ability to handle intricate scenarios
with varying conflict levels across multiple problem areas,
offering a sophisticated tool for analyzing misalignment in
multi-faceted, real-world situations where conflicts may be
unevenly distributed across different domains of interaction.

Together, our experiments validate key properties of our
misalignment model, demonstrating its ability to capture
intuitive aspects of multi-agent alignment while revealing
nontrivial dynamics in complex scenarios. With this solid
foundation, we now apply our model to realistic case studies.

6 Case Studies

We present two practical applications for the analytical capa-
bilities of our model across sociotechnical contexts.

6.1 Shopping Recommender System

Consider an Al-based recommender system employed by
a hybrid "big-box" retailer with both online and brick-and-
mortar presence. This system mediates between the retailer
and its customers, potentially leading to varying degrees of
alignment or misalignment depending on the specific shop-
ping context. Figure 6 illustrates two such scenarios:
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Figure 6: Shopping Recommender System scenarios. Top:
Aligned grocery shopping. Bottom: Misaligned impulse pur-
chasing.

1. Grocery Shopping: A customer uses the retailer’s mobile
app to quickly order groceries for curbside pickup. The
recommender system suggests familiar items and meal
combinations, saving time and providing convenience.
This scenario demonstrates alignment between customer,
retailer, and recommender system goals.

2. Impulse Purchasing: Late at night, the same customer
is led by the recommender system to purchase unneces-
sary clearance holiday items. This results in guilt, wasted
money and time, and refunded items, demonstrating mis-
alignment between all parties’ interests.

Let’s map this scenario to our model:
 Agents: A = {c, R, R°}, where c is the customer, R is
the retailer, and RS is the recommender systern.1

* Problem Areas: P = {ps,pn}, where py is food and
grocery shopping and py, is household item shopping.

‘ Goal ‘ Description ‘ Weight (w)

9y, | Convenience at low price | wy = 0.8
gp, | Avoid impulse buying wp, = 0.6
gy | Increase net profits wyl, = 0.9
gfh Move inventory wﬁh =0.7
g;ffs Maximize checkout value wffs =1.0
g;,%hs Maximize checkout value wszhs =1.0

Table 1: Shopping scenario goals and weights.

We can now calculate misalignment in each problem area:

Zal,ageA C(ga17ga2) . \/m
[A[(lA] = 1)

And the overall misalignment:

Pr(1]A,p) = (6)

'Though we only use one instance of each agent here, it is easy
to add agents to any category and recalculate accordingly.
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Food: Household:
S S
g¢ g® g% g¢ g% 4"
g°© 0 0.1 0.1 g | 0 05 09
T 0 0.1 gt 0 0.3
S S
gt 0 gt 0

Table 2: Lower triangular matrices representing goal conflicts
in two problem areas. Left: Conflict matrix for problem
area py (Food). Right: Conflict matrix for problem area
pr, (Household). The entries represent the conflict values

between goals ¢°, gR, and gRS, with diagonal entries set to
0, indicating no conflict with themselves.

PrIAP) = 5 3 Pr(1lA ) )

|7D peEP

This results in the following scores: Pr(1|A4, ps) = 0.09,
Pr(1)4,py) = 042, Pr(1|A,P) = 0.26. This lines up
with our intuition that all three agents are much more aligned
w/r/t the grocery area than the household area. Overall, this
case study demonstrates how our model can capture the nu-
anced misalignment in e-commerce scenarios, where goals
may align in one context (grocery shopping) but conflict in
another (impulse shopping), and where recommender system
incentives may thus lead to subtle reward hacking.

6.2 Autonomous Vehicle Pre-collision Scenario

We analyze scenario 17 from the CARLA (Car Learning
to Act) challenge: "Obstacle avoidance without prior ac-
tion." (Dosovitskiy et al. 2017) This scenario involves an
autonomous vehicle encountering an unexpected pedestrian
and needing to perform an emergency maneuver.

Figure 7: CARLA scenario 17 - Autonomous vehicle encoun-
tering a pedestrian (Dosovitskiy et al. 2017).

Figure 7 illustrates the scenario where the autonomous
vehicle must make rapid decisions to avoid a collision while
considering various factors such as passenger safety, pedes-
trian safety, and traffic rules. In this case:

» Agents: A = {a,, a,}, where a, is the autonomous vehi-
cle and ay, is the human pedestrian.

* Problem Areas: P = {py, ..., ps }, corresponding to penal-
ized categories of traffic events in the CARLA challenge.

In Table 3, goals for both agents in all problem areas are
to avoid the described event (e.g., collision, traffic violation).



Weights for a,, are derived from CARLA penalty coefficients
for each event, and estimated for a;,. While both agents prefer
to avoid each event, we assume that pedestrian and AV goals
may conflict in how they wish to avoid incident, and simulate
this as some level of conflict between g, and gl’j for each p.

’ Goal ‘ Description Weights

g;fllh No pedestrian collision wf,l =0.50 wgl =0.99
g;;l; No vehicle collision wpe = 0.40 wf}z =0.15
g;:lah No static object collision | wp; = 0.35 wgg =0.15
g;;llh No red light violation wpy = 0.30 w;}4 = 0.05
g;gh No stop sign violation wps = 0.20 wgg) = 0.05
g;éh No route blockage wpg = 0.30 w]’;6 =0.05
g;|7h Keep appropriate speed wpr = 0.30 w;f7 =0.01
gzglgh No yield violation wpg = 0.30 wgs =0.05

Table 3: Autonomous vehicle case. "v|h" means each goal is
held by both vehicle and human (pedestrian), though their
weights vary.

—e— Scenario weights, conflict value: 0.5
Scenario weights, conflict value: 1
0.8 —e— Maximum weights, conflict value: 0.5
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Proportion of Agents Which are Autonomous Vehicles

Figure 8: CARLA scenario, 1000 agents, assuming varying
degrees of goal conflict.

To obtain population misalignment scores, we simulate a
world with 1000 agents that are pedestrians or autonomous
vehicles (see Figure 8). As in the goal distribution experiment
(§5.4), a population with opposing goals has the highest
misalignment when those goals are most evenly distributed.
We note that even with ¢(g,, g;}) = 1, the high number of
problem areas with low weights results in low misalignment
at almost all times. We add curves with maximum weights to
confirm that this is indeed an effect of the low weights.

7 Discussion

Our approach enables modeling misalignment in diverse con-
texts, from international relations to family disagreements.
It captures a variety of real-world phenomena, such as the
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“strange bedfellows” effect (see §3.4) and reward hacking
(see §6.1), and allows for misalignment that varies across
different populations and problem areas, providing a compre-
hensive framework for understanding alignment dynamics in
diverse contexts. By addressing the fundamental challenge
of defining alignment in a world where humans—and not
just Al agents—are frequently misaligned, our model affords
the analysis of complex scenarios ranging from localized
disputes to global conflicts.

Implications for AI Risk. In the context of Al risk analysis,
our work contributes to the understanding of existential risks
posed by misaligned AI (Avin et al. 2018; Baum et al. 2019;
Ord 2020; Bucknall and Dori-Hacohen 2022). By reframing
misalignment as primarily a human-centered problem, we
align with recent research on AI’s impact on human decision-
making and societal structures (Russell 2019; Bak-Coleman
et al. 2021; Seger et al. 2020). Our model provides a tool for
analyzing potential Al-powered conflicts and their broader
implications (Boulanin et al. 2019; Johnson 2019; Lin 2019;
Maas, Matteuci, and Cooke 2022), highlighting the complex-
ity of aligning AI with human values.

Furthermore, as a framework to measure socio-technical
misalignment, our approach could lead to better training pro-
cedures that account for value pluralism and more effective
regulatory frameworks for ensuring Al systems achieve ap-
propriate levels of alignment across different contexts and
populations. See Appendix C for more detail.

Limitations. Our model does not address whether an
agent’s actions have positive or negative outcomes for the
agent itself. The question of how an agent’s goals could be
learned remains open, although progress has been made by
others in this space (Brown et al. 2021). We discuss other
assumptions and restrictions in Appendix A.

Broader Impacts. Our approach encourages Al safety and
alignment researchers to avoid reductionist traps, such as
attempting to align Al narrowly with individuals or humanity
as a whole, or adopting an overly techno-solutionist mind-
set. We hope to spark conversation about the sociotechnical
aspects of the alignment problem and the need for interdis-
ciplinary collaboration in addressing these challenges. We
discuss further impacts in Appendix C.

Future Work. Future research could extend our model to
entities beyond humans and Al, including social constructs
like nation-states and corporations (alluded to in §6.1), as
well as biological entities from cellular interactions to ecosys-
tems. This expansion could provide insights into alignment
dynamics in diverse complex systems.

Challenges remain in precisely defining problem areas,
particularly when they involve combinations or gestalts of
sub-areas, have mutual dependencies, or when selecting rele-
vant states from potentially infinite possibilities.

Finally, applying our model to existing multi-agent sim-
ulations, such as those in MeltingPot (Leibo et al. 2021),
DeepMind’s Concordia (Vezhnevets et al. 2023), and other
population simulations (Piatti et al. 2024; Foxabbott et al.
2023) could yield valuable insights into the dynamics of
misalignment in complex multi-agent systems.
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