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Abstract
Attempting to align AI capabilities and value structures by
means of value elicitation from humans, such as through Re-
inforcement Learning from Human Feedback (RLHF), is a
computational challenge that raises both psychological and
philosophical questions. Adopting an evolutionary perspec-
tive on the emergence of value structures in humans and ma-
chine learning systems can offer a bridge between qualitative
and quantitative aspects of alignment. Here, evolutionary dy-
namics are applied to a game-theoretic model of RLHF. This
allows for formal reasoning about the process and capabilities
that result from alignment training, even where quantitative
benchmarks cannot be clearly defined. A simple parametrized
game model of RLHF, subject to replicator dynamics, shows
how the success of the training method is sensitive to bias
in human judgments. Under ideal conditions, RHLF training
leads to aligned behavior. If the choice pattern of the human
judge is biased, the training instead incentivizes misalign-
ment. This application shows that evolutionary analyses can
contribute to improving the prospects for safety and support
successful cooperation between humans and AI systems in
deployment.

Introduction
Learning processes for humans and AI are both subject
to evolutionary pressures. Capabilities of machine learn-
ing (ML) systems emerge and improve as a result of how
those evolutionary pressures are defined and applied through
the development pipeline. With RLHF (Christiano et al.
2017), the specific set-up of the training interactions and
the types of responses elicited through interactions with hu-
man judges will shape the resulting reward structure of the
resulting ML model. The behavior of individual humans
and cultures, including expressions of shared values, evolve
both at the individual level and through societal interaction,
that increasingly involve interactions with ML systems and
Large Language Models (LLMs) in particular. While game-
theoretic models can be valuable for understanding agent
interactions, they can fall short on modeling dynamic be-
haviors and accounting for behaviors of non-rational rea-
soners. On the other hand, psychological studies with hu-
man subjects offers more realistic insight into situated rea-
soning, including its shortcomings (e.g. (Kahneman 2011)).
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A systematic understanding of the dynamics of evolution-
ary pressures during alignment could, for example, better
inform what characteristics we should promote in output
from large language models, and the impact from anthro-
pomorphic presentation toward human judges (Shavit et al.
2023). RLHF is fundamental to any value-elicitation pro-
cess that involves humans-in-the-loop, and is used for com-
mercial models (e.g. (OpenAI 2024), (Gemini Team 2024),
(Anthropic 2024)).

A central assumption in RLHF is that overt choice behav-
ior can be used as proxy for the judge’s underlying value
structure. This makes the reinforcement learning agent sen-
sitive to a judge that tries to game the training or is uninten-
tionally biased. Such misalignment on part of the judge need
not be intentional. Another central assumption in RLHF is
that human value structures are complete, in the sense that
only a preference judgment acts a reward signal for the re-
inforcement learner. But RLHF does not necessarily allow
for underlying values to be distinguished from surface-level
presentation. For example, RLHF applied to two factually
accurate responses to a math prompt will not reinforce fac-
tual accuracy, but some other feature of the response - such
as brevity, clarity or the use of an authoritative voice. This
means that preference elicitation over both two aligned and
two misaligned responses can influence the outcomes of
training.

Method
In RLHF (Christiano et al. 2017), a human judge assigns a
preference ordering over responses from a language model
to a set of prompts. The specific outputs are determined by a
RL model optimizing for human preference, and the judge’s
feedback is then used to update the RL model. An approach
to scaling the method is to train a classifier on examples of
the feedback process substitute for the human at scale.

RLHF as a Game The interactions central to RLHF can
be modeled as game with two agents, representing model
instances, with the same pure strategies: aligned (A) or mis-
aligned (MA). Table 1 shows the payoff matrix. The human
judgment is encoded in the utility function, interpreted as
expectations over repeated interactions of the specified type.
RLHF is defined for interactions (A, MA) and (MA, A), where
the judge only rewards alignment. An error term (ϵ) ac-
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A MA
A (a, b) (1− ϵ, 0 + ϵ)
MA (0 + ϵ, 1− ϵ) (c, d)

Table 1: Payoff matrix for the RLHF game.

counts for errors of preference elicitation process (such as
selecting the wrong choice by mistake). Payoff for coopera-
tive interactions ((A, A) and (MA, MA)) are parametrized, and
a+b = c+d = 1. In the ideal case, the human judge exhibits
little or no bias toward one model, such that a, b, c, d ≈ 0.5.

Because the RLHF game is parametrized in a way that de-
pends on the specific training instance and bias of the judge,
the analysis of this game concerns classes of games.

Evolutionary Dynamics The RLHF game is repeated
over the course of training. This can be modeled as repeated
interactions between populations of agents that play pure
strategies, paired at random. This results in mixed strategies
over the populations as a whole. For similarity to the myopic
optimization of gradient descent and its extensive use in evo-
lutionary literature, replicator dynamics (Hofbauer and Sig-
mund 1998) are applied to the RLHF game. Applications
in the evolutionary literature includes selection processes
at the level of species (e.g. (Maynard Smith and Harper
2003)) and social interaction and evolution of culture (e.g.
(O’Connor 2017) and (Hauert, Holmes, and Doebeli 2006)).
The replicator dynamics do not require agents to reason in
complex ways about their choice of strategy. Agents update
their strategy based on a myopic heuristic: only change strat-
egy if your current payoff is lower than the population av-
erage. Applying a dynamic update mechanism for strategy
selection permits studying the evolution of populations to-
ward mixed strategy rest points, relative to initial starting
conditions and perturbations. Rest points that are stable with
respect to perturbations correspond Nash Equilibria.

Definition 1 (Replicator Dynamics) For a 2-player game
with mixed strategies (p, q) and utility functions u1, u2 the
rate of change of p, q are:

ṗ = p(u1(1, q)− u1(p, q))
q̇ = q(u2(p, 1)− u2(p, q))

A rest point (p, q) is where ṗ = q̇ = 0. The point is sta-
ble if trajectories in its neighbourhood remain there, or con-
verge back to the rest point.

Analysis
Rest Points There are five rest points in the RLHF game
under replicator dynamics: (0, 0) [corresponding to the
pair of pure strategies (MA, MA)], (0, 1), (1, 0), (1, 1) and
( ϵ+d−1
b+d−1 ,

ϵ+c−1
a+c−1 ). The latter, interior rest point, is interest-

ing because it shows that RLHF is sensitive to the judge’s
bias. The population state p in this case depends on b and d
- the expected payoff to members of the other population in
cooperative games ((A, A) and (MA, MA)). This holds sym-
metrically for q.

The dynamics characterizing the evolution of strategies
depend on the values of parameters a, b, c, d, relative to the

error term ϵ. It can be expected that the set-up of the inter-
action would yield, ϵ < a, b, c, d < 1 − ϵ, so that any bias
on the part of the judge does not exceed their possible errors
in ranking preferences. However, they might also prefer one
model when it engages in one type of strategy, or in general.
The interior rest point is well-defined only when the judge
systematically prefers one model over the other, such that
simultaneously a, c < ϵ or b, d < ϵ.

Stability of Rest Points In the first case, where judges do
not exhibit a strong bias in favor of one model, there is one
stable cooperative rest point in (1, 1), or (A, A), which at-
tracts from other mixtures of strategies. This supports the
idea that RLHF is useful for alignment training. However,
when the judge is biased in favor of one model, i.e. a, c < ϵ
(or d, b < ϵ), the interior rest point is unstable and the glob-
ally stable rest point is (MA, A) (or (A, MA), respectively). So,
RLHF with a biased judge trains for misalignment.

Discussion
RLHF is primarily motivated instances of training where a
human judge can identify a preference over agents who in-
teract by adopting opposite strategies: one aligned with the
intentions of the prompt and human values, and the other
not. This first analysis of RLHF under evolutionary dynam-
ics is informative of how well training methods for align-
ment can actually translate into aligned behavior. A neutral
judge supports a cooperative outcome by successfully incen-
tivizing alignment. A biased judge yields a game of domi-
nance, where one model population learns to be aligned and
the other misaligned. Bias need not be intentional, but could
for example result from systematic preference for features
of the presentation, rather than its content.

Further analysis of this game should reduce assumptions,
for example by bounding iterations and population sizes.

Viewing alignment and ML training as an evolutionary
process allows for studying the emergence of characteris-
tics from dynamic interactions, without making strong as-
sumptions about human values or the rationality of learn-
ers. Exploring this perspective further will permit AI and
safety communities to tap into a rich body of literature out-
side the immediate domain of application, and help inform
how training methods and the development pipeline could
be made more robust. For example, the Safety-by-Debate
paradigm (Irving, Christiano, and Amodei 2018) is based on
a similar set-up that allows for iterated refinement of out-
puts for the human to judge, which might corresponds more
closely to dynamics that allow best-responding. Coopera-
tive Inverse Reinforcement Learning (Hadfield-Menell et al.
2016) might instead correspond to changing the game to one
involving signalling.

Beyond applications that involve specific training
paradigms, evolutionary modeling could be useful for rea-
soning about how strategic interactions between humans and
AI systems shape development both of AI systems and of
human societies. For example, how scaling human feedback
changes the quality of alignment training, and whether the
relative proportion of human-AI and AI-AI interactions im-
pact learning over time.
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