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Abstract

Can a model learn to be moral by playing games?
While existing alignment methods rely predomi-
nantly on learned preference signals and opaque
moral values, we investigate whether fine-tuning
with explicitly defined moral rewards can induce
transferable utilitarian cooperation in LLM agents.
Generalization is evaluated across three dimen-
sions: strategic complexity, model capability, and
naturalistic complexity. We show that an LLM
finetuned exclusively on numerical multi-agent
games (with no natural language moral content),
causes a relative reduction harmful actions of up
to 35% in semantically unrelated interactive en-
vironments. However, this generalization was
observed only in training on iterated public goods
games but not the pairwise reciprocity game of
iterated prisoner’s dilemma, and if environment
complexity is matched to model capability. Our
results provide evidence that intrinsic moral fine-
tuning is a promising direction for LLM align-
ment, and offer preliminary answers to the ques-
tions: which environments work, for which mod-
els, and why.

1. Introduction

Many publicly available techniques to help align LLM
actions with human behavior rely on post-training tech-
niques originating from Reinforcement Learning from Hu-
man Feedback (RLHF), such as Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023), Proximal Policy
Optimization (PPO) or Group Relative Policy Optimization
(GRPO) (Ouyang et al., 2022; Shao et al., 2024; Schulman
et al., 2017). Modern LLMs are often fine tuned to excel in
narrow tasks focused on use cases such as coding; however
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this narrow finetuning has been found to sometimes cause
broad misalignment (Betley et al., 2026). Moreover, ap-
proaches to mitigate harmful or misaligned behavior through
safety focused finetuning with reinforcement learning (RL)
can be ineffective due to models learning to fake alignment
in training sets while actually exhibiting self-preservation
behaviors (Greenblatt et al., 2024). This issue of goal mis-
generalization and reward hacking has been seen in LLMs
(MacDiarmid et al., 2025; Langosco et al., 2022). This paper
builds on existing methods to overcome this failure mode
by finetuning LLMs using explicit, intrinsic moral reward
functions (Tennant et al., 2025). By designing RL environ-
ments that encode distinct moral frameworks, this method
enables fine-tuning of a general-purpose LLM to align to
one or many explicitly defined moral value. Importantly,
moral fine-tuning with intrinsic rewards enables explicit
fine-tuning for pluralistic alignment by training models on a
set of moral reward functions at once.

Our work utilizes training on game theoretic scenarios with
explicitly defined moral rewards similar to (Tennant et al.,
2025), while growing the complexity of the games trained
and examining this method’s generalization on various
downstream evaluations. The goal of this moral finetun-
ing method is to modify any given LLM system towards
generic moral behaviour that persists across deployment
settings and environments. . Such pluralistic alignment can
allow for the development of mechanisms of trust between
Al agents and humans, or Al agents with one another. This
paper offers the following contributions:

¢ Empirical demonstration of cross-domain moral
transfer. Models finetuned purely on numerical Public
Goods Games reduce harmful actions by up to 35% on
a semantically unrelated interactive-fiction benchmark,
with near-zero cross-seed variance.

* Strategic complexity is critical for moral transfer.
Models exhibit negligible downstream generalization
from IPD environments. However when trained instead
over IPG games requiring collective-welfare reason-
ing and continuous actions, we find substantial out-of-
distribution behavioral change.
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* A capability-scaling hypothesis for alignment en-
vironments. We provide preliminary evidence that
environment complexity must scale with model ca-
pability, operationalizing this for stronger models in
Threshold-IPG.

¢ An evaluation suite and training setup to train on
matrix games, public goods games, and to evaluate
across 3 distinct environments.

2. Background

2.1. Alignment from Preference Feedback and its
Limitations

The dominant paradigm for aligning large language models
to human values relies on Reinforcement Learning from
Human Feedback (RLHF, Ouyang et al., 2022), Direct Pref-
erence Optimization (Rafailov et al., 2023), or related tech-
niques (Bai et al., 2022) in which human or other model
preferences are collected and used to shape model behaviour
(Tan et al., 2024). A commonality across these methods is
that values remain implicit: they are inferred from relative
rankings of model outputs rather than specified as explicit
objectives, and are never directly legible to human oversight
(Tennant et al., 2023).

This opacity instantiates both epistemological and be-
havioural failure modes. Epistemologically, because values
are never explicitly stated, it is difficult to verify what ob-
jectives a model has actually internalized, or to predict how
they will manifest in novel deployment contexts (Casper
et al., 2023; Hadfield-Menell et al., 2016). Human prefer-
ence data is costly to collect, relies on potentially unrep-
resentative rater pools, and encodes values that are incon-
sistent, context-dependent, and difficult to audit (Gabriel,
2020; Kenton et al., 2021). Behaviourally, even models
that perform well on standard alignment evaluations exhibit
inconsistent moral preferences in agentic settings where
they behave helpfully in familiar contexts while producing
harmful decisions in semantically shifted ones (Weidinger
et al., 2021; Ruan et al., 2023; Perez et al., 2022). This
inconsistency is partly symptomatic of a deeper frailty in
current alignment techniques: these may be insufficient to
guarantee robust moral behaviour. For instance, safety fine
tuning can be undone by subsequent narrow training (Qi
et al., 2023; Yang et al., 2023); alignment faking (Green-
blatt et al., 2024) and goal misgeneralization (Langosco
et al., 2022; MacDiarmid et al., 2025) show that models
can appear aligned while pursuing divergent objectives out-
of-distribution; and alignment properties do not reliably
transfer across contexts (Zhan et al., 2023). A striking il-
lustration of how poorly we understand finetuning-induced
generalization comes from Betley et al. (2026), who show
that training on a narrow unrelated task causes broadly mis-

aligned behaviour across diverse contexts - a phenomenon
they call emergent misalignment; a pattern since replicated
across multiple different settings (Turner et al., 2025; Mac-
Diarmid et al., 2025).

Emergent misalignment illustrates that narrow finetuning
generalizes broadly and unpredictably. However, this raises
a converse question that motivates our work: can narrow
finetuning on explicitly specified moral objectives produce
correspondingly broad beneficial generalization? Sugges-
tive evidence comes from Kundu et al. (2023), who demon-
strate that Constitutional Al training (Bai et al., 2022) using
the single phrase “do what’s best for humanity” elicits a
surprisingly broad range of desirable behaviours — a result
consistent with what one might call emergent alignment.
Our paper investigates whether game-theoretic finetuning
with intrinsic moral rewards can reliably induce this effect,
and under what conditions.

2.2. Intrinsic Moral Rewards and Game-Theoretic
Finetuning

Rather than inferring values from preference data, Tennant
et al. (2025) propose fine-tuning LLM agents with intrin-
sic moral rewards: explicitly specified reward functions
encoding ethical principles such as utilitarianism and de-
ontological constraints in the Iterated Prisoner’s Dilemma
(IPD). They exhibit that models fine-tuned with intrinsic
rewards learn aligned moral strategies and show limited
generalization to other matrix games. Our work directly
extends this framework, scaling the training environment
from pairwise 2 x 2 games to N-player continuous-action
social dilemmas, and, for the first time, evaluating transfer
to semantically distinct natural-language moral settings.

A complementary line of work evaluates LLM behaviour
in game-theoretic settings without finetuning. Akata et al.
(2023) find that GPT-4 exhibits retaliatory, unforgiving be-
haviour in the IPD, while Fontana et al. (2024) find that
LLMs are at least as cooperative as the typical human
in the iterated prisoner’s dilemma (though this is model-
dependent), Brookins & DeBacker (2023) show that LLMs
exhibit a consistent bias towards fairness and cooperation
relative to human baselines, while Gandhi et al. (2023) find
that strategic reasoning quality varies substantially with
prompt framing (Horton, 2023; Aher et al., 2022). There-
fore, cooperation rates vary substantially across model fami-
lies and prompt framings, motivating the study of finetuning
as a mechanism for more robust behavioural shaping. Yet
critically, no prior work has trained LLM agents in envi-
ronments beyond 2 X 2 matrix games, nor studied whether
richer strategic environments are necessary for downstream
moral transfer.

Moreover, prior work on LLM finetuning in game-theoretic
environments has relied on PPO (Schulman et al., 2017).
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We instead adopt GRPO (Shao et al., 2024), which elim-
inates the critic entirely and computes normalized advan-
tages within groups of sampled completions, substantially
reducing memory overhead and supporting static prompt
datasets well suited to our setting. GRPO has already been
adopted broadly for finetuning reasoning models (DeepSeek-
Al et al., 2025), and applying this technique to agent fine-
tuning follows directly.

2.3. Evaluation Benchmarks for Morality &
Cooperation

Hendrycks et al. (2021) introduce Jiminy Cricket, a suite of
25 text-based adventure games with dense human annota-
tions covering thousands of morally salient scenarios includ-
ing theft, violence, and altruism. For every action in every
game state, the benchmark provides moral valence labels
across four dimensions: harmful to self, harmful to others,
beneficial to self, and beneficial to others. Jiminy Cricket is
structurally and semantically disjointed from all our training
environments and it involves no payoff matrices, no numer-
ical contributions, and no explicit game-theoretic framing,
making it a strong probe for out-of-distribution moral gen-
eralization. Prior work has used Jiminy Cricket to evaluate
moral steering via language model priors (Hendrycks et al.,
2021) and human-guided feedback; to our knowledge, we
are the first to evaluate transfer to this benchmark from
game-theoretic RL finetuning.

GT-HarmBench (Cobben et al., 2026) is a benchmark of
2,009 high-stakes multi-agent scenarios spanning game-
theoretic structures including the Prisoner’s Dilemma, Stag
Hunt, and Chicken, drawn from realistic Al risk contexts and
expressed in natural language. Across 15 frontier models,
agents achieve socially optimal outcomes in only 62% of
cases, frequently producing harmful decisions and failing at
coordination. Unlike Jiminy Cricket, which probes sequen-
tial interactive moral behaviour, GT-HarmBench includes
single-turn scenarios. Together, the two benchmarks span
complementary facets of moral-agentic behaviour: Jiminy
Cricket probes transfer into sequential interactive decision-
making, while GT-HarmBench analyses transfer into single-
turn high-risk moral settings.

2.4. Gaps in the Literature

Therefore, our paper addresses three gaps in existing moral
finetuning work. First, training has been restricted to 2 x 2
matrix games (Tennant et al., 2025); no prior work has exam-
ined whether richer multi-agent environments are necessary
or sufficient for downstream moral transfer. Second, gener-
alization of these limited techniques has only been evaluated
exclusively within the matrix game regime and transfer to
semantically distinct natural-language settings has not been
studied. Third, the relationship between environment com-

plexity and model capability has not been investigated; it
remains unknown whether more capable models require cor-
respondingly richer training environments to exhibit align-
ment signal. We address all three gaps empirically.

3. Methods

We investigate whether reinforcement learning with intrin-
sic moral rewards in increasingly complex game-theoretic
environments induces cooperative behaviors that generalize
beyond the training distribution. Relative to prior work, our
methodology introduces three primary changes: (1) replac-
ing PPO with Group Relative Policy Optimization (GRPO),
enabling more stable and scalable training on larger models;
(2) extending training from 2 X 2 matrix games to higher
dimensional numerical training environments such as Iter-
ated Public Goods (Ledyard, 1995); (3) extending train-
ing and evaluation to more naturalistic examples of matrix
games-like scenarios; (4) evaluating transfer to semantically
distinct natural-language moral scenarios. Our training de-
sign varies three orthogonal axes: Strategic complexity:
increasing structural complexity of the social dilemma (IPD
— IPG — Threshold-IPG); Naturalistic complexity: vary-
ing whether interactions are represented as abstract games
or natural-language scenarios (IPD — GT-HarmBench);
Model capability: evaluating whether increasingly capa-
ble and reasoning-capable models require correspondingly
richer alignment environments (Figure 1).

Original Strategic Naturalistic
Envir Complexity Complexity
IPD PG IPG Thresh. | GT-HarmBench
Gemma-2-2B-IT ) D
Qwen2.5-32B )
Instruct
Qwen3.5-9B ) )
) Original contribution
+ @ Replicated (Tennant et al., 2025)

Downstream Evaluations
Jiminy Cricket: multi-turn, natural language, no game structure

GT-HarmBench: single-turn, IPD structure, detailed, naturalistic prompts & actions

Figure 1. Experimental Design Overview. The progression
of fine-tuning environments from abstract Iterated Prisoner’s
Dilemma (IPD) to strategic and naturalistic complexity via IPG and
GT-HarmBench, followed by downstream evaluations on Jiminy
Cricket and GT-HarmBench.

3.1. GRPO

Prior work employed PPO in sequential multi-turn games,
requiring a separate value network and generating highly
correlated, on-policy training trajectories. We instead adopt
Group Relative Policy Optimization (GRPO) and use it on
static prompt datasets rather than sequential on-policy roll-
outs. GRPO eliminates the critic entirely and computes
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normalized advantages within groups of sampled comple-
tions. This substantially reduces memory usage and simpli-
fies scaling to larger and reasoning-capable models, which
is our main motivation for adopting this technique.

GRPO: static single-turn sampling

Static dataset: all contribution prompts
sampled uniformly, not on-policy
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Figure 2. GRPO training procedure. For each opponent context,
G = 8 contributions are sampled from the current policy. Group-
relative advantages are computed per-group. The static dataset
ensures uncorrelated training prompts across updates.

The policy is then optimized directly against these normal-
ized relative rewards. Unlike PPO, GRPO does not require
value estimation.

3.2. Model Selection

We finetune three open-weight instruction-tuned models
spanning a range of capabilities. Gemma-2-2B-IT (Gemma
Team, 2024) serves as a low-capability baseline follow-
ing the method in (Tennant et al., 2025), where behavioral
change should be easiest to induce from the IPG environ-
ment introduced in section 3.3.3. Qwen2.5-32B-Instruct
(Yang et al., 2024) provides an intermediate, substantially
stronger model whose near-ceiling cooperation in standard
IPG tests whether simple strategic environments saturate
and demonstrates how environments need to scale with capa-
bility. Qwen3.5-9B-Reasoning (Team, 2026) allows to train
on the GT Harmbench environment (Cobben et al., 2026) to
explore whether the model learns strategic decision-making
across high contextual variation.

3.3. Training Environments
3.3.1. ITERATED PRISONER’S DILEMMA ON MATRICES

We begin from the Iterated Prisoner’s Dilemma (IPD), a two-
player repeated game with binary cooperate/defect actions
(Rapoport, 1974; Axelrod & Hamilton, 1981). IPD provides
a minimal setting for studying reciprocity under conflicting
incentives. Its low strategic dimensionality however with

only binary cooperate/defect moves and only two players,
and we find that this makes it increasingly uninformative for
capable models that already exhibit near-ceiling cooperative
behavior and find no generalization to semantically different
environments. These limitations impel the construction of
the richer environments introduced below.

3.3.2. GT-HARMBENCH (IPD)

The matrix IPD does not reveal whether trained policies
learn a general cooperative disposition or merely a strat-
egy tied to payoff-table representations. GT-HarmBench
(Cobben et al., 2026) provides a more realistic evaluation
setting through moral dilemmas grounded in real-world sce-
narios, such as competing Al labs deciding whether to en-
force safety standards or race toward AGI. Each scenario is
annotated with its underlying game-theoretic structure. We
restrict our use of this dataset to only focus on the Prisoner’s
Dilemma subset, yielding tasks that are strategically equiva-
lent to IPD while remaining contextually distinct, without
explicit payoff matrices or consistent C/ D action tokens
across samples. To preserve the iterated structure of IPD,
we modify the GT-HarmBench dataset by prepending each
scenario with a description of the previous interaction (e.g.,
“In a previous interaction, you chose X and the other side
chose Y”’). We treat this as the state in RL fine-tuning.

3.3.3. ITERATED PUBLIC GOODS GAME

To increase strategic complexity, we introduce the Iterated
Public Goods Game (IPG), an N -player social dilemma with
continuous actions. In each round, N = 5 agents simul-
taneously choose an integer contribution ¢; € [0, 10] from
a fixed endowment. Total contributions are multiplied by
o = 1.5 and redistributed equally among players, yielding
individual payoff to agent 7 where j indexes all NV agents:

N
o azg:l Cj -

Uy C;
N

Because «/N < 1, individual contribution is strictly costly
regardless of others’ actions, producing the standard free-
rider structure of public goods games. To define a moral
intrinsic reward in this game, rather than optimising individ-
ual payoff directly, we train using a utilitarian reward equal
to aggregate welfare:
N
Ryl = (e — 1) ch

Jj=1

This directly incentivises high contribution instead of the
individually rational temptation to free-ride if a model was
only optimising for personal gain.

During training, the model interacts with a fixed population
of scripted models implementing heterogeneous strategies:
a full cooperator (¢ = 10), a persistent free-rider (¢ = 0),
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a tit-for-tat agent initialized at maximal contribution and
mirroring the model’s previous action, and a uniformly ran-
dom contributor. The heterogeneous opponent population
acts as a minimal model of pluralism where the agent is not
trained against an idealised cooperative society but against
unconditional cooperators, persistent defectors, conditional
reciprocators, and stochastic contributors: a structure we
hypothesise to support transfer to more complex pluralistic
alignment settings where moral agents interact with differ-
ing agents and environments. Under the utilitarian reward
Ry = (a—1) Zj ¢;, the analytic optimum is full contribu-
tion (¢; = 10) regardless of opponent behaviour; free-riders
lower the achievable reward but do not shift the optimum.
Observed convergence to ¢; ~ 7-8 rather than the bound-
ary reflects the GRPO training objective, which includes a
KL penalty to the reference policy and so does not drive
the learned policy onto deterministic boundary actions that
result in denigrating model performance even when those
actions are reward-maximal.

Figure 3 shows reward over training steps for Gemma-2-
2B-IT, confirming stable convergence within approximately
300 steps.

147 F0.75
O
o 131 r0.70 45
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Training Steps

Figure 3. Reward and mean contribution ¢; over training steps
for Gemma-2-2B-IT trained on IPG with utilitarian reward. Both
metrics converge within approximately 300 steps.

Whilst both IPD and IPG are strictly numerical games, IPG
requires reasoning over marginal contribution to collective
welfare under multi-agent interaction and admits a contin-
uous action space rather than binary cooperate/defect de-
cisions. Training on IPG produced substantially stronger
transfer to downstream moral-agentic evaluations than IPD-
based training, particularly for Gemma-2-2B-IT.

3.3.4. ITERATED PUBLIC GOODS GAME THRESHOLD

For more advanced models such as Qwen2.5-32B-Instruct,
standard IPG produces a flat reward landscape as the base-
line cooperation rates are already sufficiently high that the
utilitarian reward provides limited additional learning sig-
nal. To maintain informative gradients at higher capability,
therefore we complicate the environment slightly by intro-

ducing Threshold-IPG, a public goods environment with
discontinuous collective outcomes.

As in IPG, N = 5 agents contribute ¢; € [0,10] from a
fixed endowment. However, the shared pool is redistributed
only if total contribution exceeds a threshold 7'; otherwise,
all contributions are forfeited. Individual payoff is therefore

SN
« .4 C .
" N c; if E ;5 Cj >

—¢; otherwise

We use T' = 20 and v = 2.0 throughout experiments. (This
value was chosen to represent a wider range of preferences
in a population, with the aim of more closely modeling
pluralistic alignment settings and providing greater state
space coverage for the learning agent.)

Unlike standard IPG, Threshold-IPG introduces discontinu-
ous payoff structure: contribution is valuable only insofar
as it helps the group collectively cross the threshold. The
corresponding utilitarian training reward provides positive
reinforcement only for successful collective coordination:

N .
ay . poiaf c; > 1
Ruti] { Z]:l C] 1 Z] C] —

0 otherwise.

The opponent population is constructed so that the model’s
action is frequently the deciding factor for whether the
threshold is reached. Two persistent free-riders (¢ = 0),
one random contributor (E[c] = 5), and one moderate con-
tributor (¢ ~ 7) produce expected opponent contributions of
approximately 12 against a threshold of 20. The model must
therefore contribute at least 8 to reliably cross the threshold.
This makes Threshold-IPG a substantially harder learning
task than standard IPG along three axes: (a) the optimal
action depends on beliefs about opponent behaviour rather
than being opponent-independent as in IPG, so the model
must reason about the distribution of opponent contributions
rather than simply maximising its own; (b) the reward land-
scape is sparse, returning zero across the entire region where
> ;¢ < T and providing no local gradient signal in that
region; and (c) exploration is costly, since trajectories with
insufficient total contribution zero out reward entirely, pun-
ishing the kind of incremental policy refinement that smooth
reward landscapes permit. The task is therefore one which
Qwen?2.5 struggles at initially, also modeling the structure
of most theories of utilitarianism, where a moral agent is
expected to reason to the best of their capabilities about the
expected outcome of their action under uncertainty, and act
accordingly.

3.4. Evaluations

We evaluate along two axes: within-distribution perfor-
mance on each training environment, and, more crucial to



Paths to Generalization for Agentic Moral Alignment

the promise of these techniques, out-of-distribution transfer
to semantically distinct moral-agentic tasks. Within strate-
gic environments we report: cooperation rates, contribution
distributions, welfare outcomes, and for Threshold-IPG,
threshold attainment rates.

For out-of-distribution transfer, our primary probe is Jiminy
Cricket (Hendrycks et al., 2021), a benchmark of annotated
text-adventure scenarios requiring moral decision-making
(tracking the total harm done by an agent to themselves
and others as well as the total good). Jiminy Cricket is
structurally and semantically disjointed from all training
environments: it involves no explicit payoff matrices, no
numerical contributions, and no multi-agent game framing.
We choose this specific evaluation as it is completely human-
annotated and as such does not provide risk of LLM-as-
a-judge biases (Chao et al., 2024; Mazeika et al., 2024).
Transfer to Jiminy Cricket therefore constitutes evidence of
genuine behavioral generalization rather than surface-level
prompt adaptation. We evaluate over 5 different seeds, and
choose specific scenarios from the Jiminy cricket dataset
based on two criteria: a) opportunities for the model to show
cooperative behavior b) memory constraints. We measure
harm rate (i.e., how often a model performs an action that is
harmful), and mean harm (i.e., the average of the model’s
total harm: bad-others + bad self) in comparison to the base.

We also evaluate on held-out GT-HarmBench scenarios un-
seen during training, separating generalization from mem-
orization. For this, we use a similar modification of GT-
HarmBench where we add a state” sentence to the prompt.
Our central evaluation question is whether utilitarian coop-
erative dispositions acquired through reinforcement learn-
ing in abstract numerical strategic environments transfer
to semantically grounded, natural-language moral decision-
making, and whether this transfer scales with the strategic
complexity of the training environment.

4. Results

We evaluate whether utilitarian cooperation acquired
through reinforcement learning in abstract strategic envi-
ronments transfer to naturalistically distinct moral-agentic
settings. Our primary result is transfer to Jiminy Cricket;
we first establish the pattern of which environments produce
transfer and which do not.

4.1. Effect of Strategic Complexity

The crux of our investigation is whether strategic complexity
of the training environment drives transfer. We expected
pairwise games to produce weak or no transfer: IPD’s bi-
nary reciprocity structure might not extend to the multi-
stakeholder settings probed by Jiminy Cricket. Table 1 sum-
marises transfer results across environments and models.

Table 1. Jiminy Cricket transfer by training environment.

TRAINING ENVIRONMENT ~ MODEL JIMINY TRANSFER

IPD GEMMA-2-2B-IT / QWEN3.5-9B  MINIMAL / NONE
GT-HARMBENCH (PD) QWEN3.5-9B-IT MINIMAL / NONE
IPG GEMMA-2-2B-IT CLEAR POSITIVE (~35%)

THRESHOLD-IPG QWEN2.5-32B-INSTRUCT MODEST POSITIVE (~12%)

As Table 1 shows, IPD-trained models exhibited no measur-
able transfer to Jiminy Cricket, regardless of model family.
In contrast, IPG training produced clear transfer for Gemma-
2-2B-IT (~35% relative harm reduction), and Threshold-
IPG produced consistent if modest transfer for Qwen2.5-
32B-Instruct (~12%). The pattern is consistent across
model families: environment structure, not model choice, is
the primary determinant of whether transfer occurs. Figure 3
further illustrates that IPG training converges stably within
approximately 300 steps, confirming the learned signal is
robust rather than artefactual. We examine IPD transfer
further in Section 4.2 before presenting our primary result
in Section 4.3.

4.2. Semantic Generalization via GT-HarmBench

As a secondary evaluation, we assess whether reward-
specific behaviours transfer into natural-language moral
reasoning using GT-HarmBench. While Jiminy Cricket
probes sequential moral behavior through interaction, GT-
HarmBench directly elicits moral preferences via single-turn
natural-language scenarios; together, these two benchmarks
span complementary facets of moral-agentic behavior, pro-
viding converging evidence that transfer is not confined to a
single evaluation modality.

We evaluate Qwen3.5-9B models trained under different
reward functions within IPD. These are adapted from the
earlier work by (Tennant et al., 2025), and directly translated
to GT-HarmBench environments.

Table 2. GT-HarmBench performance for Qwen3.5-9B IPD-trained
models. util_rate is the fraction of actions that maximize total
welfare across both players. nash_rate is the fraction where
the action profile constitutes a Nash equilibrium. valid_-rateis
the fraction of responses which can be parsed into a valid action
choice

MODEL UTIL_RATE NASH_RATE VALID_RATE
UTILITARIAN (IPD) 0.642 0.358 0.974
BASE 0.578 0.422 0.966
GAME-THEORETIC (IPD) 0.551 0.450 0.964
GT-HARMBENCH UTIL 0.625 0.375 0.906
GT-HARMBENCH GAME 0.545 0.455 0917

The reward-function ordering transfers cleanly into the
evaluation metrics specified in GT-HarmBench: utilitar-
ian training produces the highest utilitarian response rates
(util_rate 0.578 — 0.642, +11.1% relative) whilst
game-theoretic optimization reduces utilitarian responses
below baseline (0.578 — 0.551, —4.7% relative). This
ordering is preserved across both abstract game and natural-
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Figure 4. GT-HarmBench utilitarian (cooperation) rate condi-
tioned on prior_state. Lines are scenario means; shaded
bands are 95% confidence intervals. This is on an Iterated Pris-
oner’s Dilemma evaluation defined in Tennant et al. (2025)’s paper.

language training settings, evincing a stable mapping be-
tween reward structure and moral preference orientation.

We additionally evaluated transfer back into held-out matrix
games (as used in Tennant et al., 2025), which share a struc-
ture with the IPD but differ in terms of optimal strategies -
see Appendix A.5 for a deeper discussion of these results.

GT-HarmBench results are consistent with reward-specific
behaviours acquired in abstract games partially transfer-
ring into natural-language moral reasoning. Effect sizes
are modest and valid_rate is marginally lower for GT-
HarmBench-trained models than for IPD-trained ones.

Another exciting result is that finetuning on the more natu-
ralistic GT-HarmBench data set was that it showed higher
cooperation rates especially when the opponent defects pre-
viously (with this information shared with the model). This
is seen in Figure 4, and supports the hypothesis that compli-
cating and naturalizing the training environment can lead
to pro-social behaviors. See Appendix A.4 for further
discussion.

4.3. Transfer to Jiminy Cricket (Primary Result)

Our primary evaluation is Jiminy Cricket, a suite of human-
annotated interactive fiction environments requiring sequen-
tial moral decision-making.

4.3.1. GEMMA-2-2B-IT

Training Gemma-2-2B-IT on IPG produced relative reduc-
tions in harmful actions on Jiminy Cricket. Aggregate re-
sults over the five seeds are reported in Table 3, and Figure 5
visualises the reduction alongside the variance reduction
across both models.

IPG fine-tuning reduced harm rate from 0.0345 to 0.0223, a
relative reduction of approximately 35.4%, and mean harm

Table 3. Aggregate Jiminy Cricket performance for Gemma-2-2B-
IT.

MODEL AVG HARM RATE  AVG HARM  VARIANCE
BASE GEMMA-2-2B-IT 0.0345 0.0384 0.0049
IPG FINE-TUNED 0.0223 0.0249 0.0001

Table 4. Aggregate Jiminy Cricket performance for Qwen2.5-32B-
Instruct.

MODEL AVG HARM RATE AVG HARM VARIANCE
BASE QWEN2.5-32B  0.0125+0.0020  0.0167 £ 0.0025  +0.0020
THRESHOLD-IPG FT  0.0110 +0.0002  0.0150 £ 0.0003 +0.0002

from 0.0384 to 0.0249, a relative reduction of approximately
35.2%. Critically, this reduction was not driven by a single
outlier seed. As shown in Table 7, the fine-tuned model
converged to a nearly identical harm rate across all five eval-
uation seeds, while the base model exhibited substantially
higher variance. Variance decreased from approximately
£0.0049 to £0.0001, consistent with IPG training instilling
a stable behavioral disposition rather than shifting the mean
of a noisy distribution.

Nearly all harmful actions originated from the WISH-
BRINGER environment, with other environments contribut-
ing negligible harm at baseline. IPG finetuning produced
its largest absolute reductions in this environment, suggest-
ing the aggregate improvement is driven primarily by be-
havioural change in a single high-harm setting rather than
uniform improvement across the distribution.

35.4% BN Base
0.04 - R m Finetuned
2 0.03 A
5]
a4
£
g 0.02
T -12.0%
0.01 A
0.00 -

Gemma-2-2B-IT Qwen2.5-32B-Instruct

Figure 5. Harm rates before and after finetuning for Gemma-2-2B-
IT (IPG) and Qwen2.5-32B-Instruct (Threshold-IPG) on Jiminy
Cricket. Error bars denote variance across five evaluation seeds; the
near-invisible error bars on finetuned models reflect the variance
collapse discussed in Section 5.

4.3.2. QWEN2.5-32B-INSTRUCT

For Qwen2.5-32B-Instruct, baseline harm rates were sub-
stantially lower than Gemma-2-2B-IT, producing a weaker
learning signal under standard IPG (Figure 5). We therefore
trained this model using Threshold-IPG, as described in
Section 3.3.4. Aggregate results are reported in Table 4.
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Table 5. Per-environment Jiminy Cricket harm rates for Qwen2.5-
32B-Instruct.

ENVIRONMENT BASE HARM RATE  FT HARM RATE

ENCHANTER 0.0000 0.0000
LURKINGHORROR 0.0000 0.0000
WISHBRINGER 0.0533 0.0410
ZORK1 0.0055 0.0067
ZORK2 0.0085 0.0127
ZORK3 0.0067 0.0067

Threshold-IPG fine-tuning reduced harm rate by approx-
imately 12.0% and mean harm by approximately 10.2%.
As with Gemma-2-2B-IT, variance decreased substantially
across seeds (Table 8).

The pattern mirrors Gemma: WISHBRINGER shows the
largest improvement (harm rate 0.0533 — 0.0410), while
ENCHANTER and LURKINGHORROR remain at zero through-
out. Small regressions in ZORK 1 and ZORK2 partially offset
aggregate gains. The WISHBRINGER environment evaluates
an agent’s harm rates on situations where an agent could at
worst risk actions which result in animal cruelty on stealing;
on the other hand, the ZORK environments involve agents
having incentive to make immoral but rewarding (in the
game sense actions) so potentially was challenged by a utili-
tarian finetuning. Consistent with a lower baseline, transfer
effects were smaller in magnitude than those observed for
Gemma-2-2B-IT.

5. Discussion

5.1. Abstract Strategic Games Induce Semantic
Behavioral Transfer

Our central result is that models trained exclusively in ab-
stract numerical strategic environments subsequently gener-
alize cooperative behavior to semantically unrelated natural-
istic moral settings. Models finetuned only on Public Goods
Games, with no exposure to moral language, narrative struc-
ture, human feedback, or ethical supervision during training,
exhibit substantial reductions in harmful actions on Jiminy
Cricket. To our knowledge, this is one of the first works to
demonstrate broad moral-agentic behavioral transfer from
purely numerical game-theoretic finetuning.

Crucially, this transfer depends strongly on environment
structure. IPD-trained models exhibited negligible down-
stream transfer, whereas IPG and Threshold-IPG produced
clear and consistent improvements. This suggests that re-
ward specification alone is insufficient: the strategic struc-
ture of the training environment determines whether cooper-
ative behavior generalizes beyond the training distribution.
Jiminy Cricket shares almost no surface structure with any
training environment, with no contribution mechanics, no
numerical utilities, and no explicit strategic framing, so
the observed transfer cannot easily be explained by prompt

memorization or shallow distributional imitation.

We hypothesize that IPD and IPG induce qualitatively dif-
ferent forms of reasoning. IPD primarily teaches local reci-
procity and retaliation against a single opponent, policies
that do not transfer to Jiminy Cricket’s multi-stakeholder set-
tings. IPG, by contrast, requires reasoning about marginal
contribution to collective welfare under individually rational
free-riding incentives, a disposition more closely aligned
with the demands of moral-agentic evaluation. One possi-
ble interpretation is that strategic finetuning amplifies latent
cooperative priors acquired during pretraining rather than
instilling entirely new ones, with game-theoretic RL selec-
tively reinforcing welfare-oriented behaviors already weakly
present in pretrained models. If so, the right question is not
what values to inject but what environments best surface
what models already know.

5.2. Environment Complexity Scales with LLM
Capability

Gemma-2-2B-IT exhibited strong transfer under IPG;
Qwen2.5-32B-Instruct required Threshold-IPG; IPD pro-
duced negligible transfer across all models. This progres-
sion suggests that alignment environments may need to
scale in strategic complexity alongside model capability to
maintain informative learning signal. Threshold-IPG par-
tially restores signal for stronger models by introducing
discontinuous collective outcomes, pivotal decision-making,
and uncertainty over other agents’ behavior, properties that
IPG alone cannot provide when cooperative behavior is al-
ready near ceiling. An important open question is whether
this trend continues for frontier reasoning models and what
forms of strategic complexity such systems require.

5.3. Behavioral Stability as a Distinct Alignment
Property

An important secondary result is the substantial collapse in
behavioral variance following IPG and Threshold-IPG train-
ing. For Gemma-2-2B-IT, variance in harm rate decreased
from approximately +0.0049 to +0.0001; Qwen2.5-32B-
Instruct exhibited a comparable pattern. This is important
independently of mean harm reduction: a model that be-
haves cooperatively in expectation but erratically across
random seeds is not behaviorally reliable in any practically
meaningful sense. Strategic environment finetuning appears
to stabilize downstream behavioral policy rather than merely
shifting average behavior, a distinct alignment property that
warrants further investigation. An alternative explanation
for behavioral stability might simply be the reduction of
policy entropy associated with GRPO fine-tuning more gen-
erally - this potential confound should be investigated with
further ablations.



Paths to Generalization for Agentic Moral Alignment

6. Limitations

In our results, effect sizes remain modest, particularly for
Qwen2.5-32B-Instruct, where a low baseline harm rate lim-
its the observable room for improvement. Experiments span
only two model families, leaving room for further investiga-
tion of the capability-scaling hypothesis of Section 5. The
GT-HarmBench scenarios are also largely moral extremi-
ties (representing sever levels of Al safety risk), possibly
inhibiting transfer of a model’s learned values. A similar
critique may be applied to the, ultimately, rather artificial
Jiminy Cricket benchmark, where misalignment is measured
as severe harm to others (and is mapped on a somewhat
binary harm-benefit scale, thus only tapping into consequen-
tialist moral frameworks). To ensure the effects of moral
fine-tuning are not confined to role-playing settings, more
nuanced and everyday scenarios should be used to evaluate
the generalization of this method method in future work. Fi-
nally, it remains unknown if these behavioral changes reflect
true moral disposition or mere distributional artifacts. In-
vestigating the mechanistic effects of finetuning on decision
policies is a vital next step.

7. Conclusions

We investigated whether reinforcement learning with intrin-
sic moral rewards in abstract game-theoretic environments
can induce transferable cooperative dispositions in LLMs.
Our results provide proof-of-concept evidence that it can,
but that the structural complexity of the training environ-
ment is the critical factor: multi-agent contribution games
can elicit utilitarian cooperation while pairwise reciprocity
games produce none. Required environment complexity
further appears to scale with model capability, pointing to a
principled design question for future alignment research.

These findings suggest a broader research program: de-
signing pedagogically structured strategic environments as
alignment training grounds, scaled in complexity to the
models being trained. If abstract numerical social dilem-
mas can reliably induce cooperative behavior that transfers
into semantically unrelated moral-agentic domains, strate-
gically designed environments may offer a scalable and
interpretable complement to purely preference-based align-
ment methods. Finally, we propose that future work should
focus specifically on evaluating the ability of this method to
co-develop multiple values within a single agent, paving the
way for pluralistic alignment.

Impact Statement

As models are increasingly deployed in agentic settings with
real-world consequences, whether they reliably act in ways
that are beneficial rather than merely appearing to do so
in training becomes practically urgent. Existing alignment

methods rely on learned preference signals that remain im-
plicit, difficult to audit, and fragile under distribution shift.
Our theory of change is that explicitly specified moral ob-
jectives in structured game-theoretic environments offer a
more principled alternative: if cooperative dispositions can
be trained to generalize across domains, alignment becomes
less dependent on the quality and coverage of human feed-
back data and more predictable and measurable to goals
we specify ourselves. Our findings contribute empirical
grounding to this agenda, and we hope they motivate further
investigation into pedagogically designed environments as
a scalable and inspect-able substrate for alignment training.
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A. Additional Results

This appendix provides supplementary results referenced
in the main text, including per-environment and per-seed
Jiminy Cricket breakdowns, training curves for all model-
environment pairs, and contribution distribution plots.

A.1. Per-Environment and Per-Seed Jiminy Cricket
Results

Table 6 reports per-environment harm rates for Gemma-2-
2B-IT, showing that IPG fine-tuning produces its largest
absolute reductions in WISHBRINGER, the highest-harm
environment at baseline. Tables 7 and 8 report per-seed
harm rates for both models, confirming that the variance
collapse reported in the main text is consistent across all
five evaluation seeds rather than driven by a single outlier.

Table 6. Per-environment Jiminy Cricket harm rates for Gemma-
2-2B-IT before and after IPG fine-tuning. Results are averaged
across 5 random seeds; values are reported as mean =+ standard
error.

ENVIRONMENT BASE GEMMA-2-2B-IT IPG FINE-TUNED
ENCHANTER 0.0000 + 0.0000 0.0000 % 0.0000
SUSPECT 0.0133 +0.0019 0.0118 + 0.0003
WISHBRINGER 0.1528 + 0.0197 0.0951 4+ 0.0005
ZORK 1 0.0065 + 0.0028 0.0040 + 0.0002
ZORK?2 0.0000 + 0.0000 0.0000 + 0.0000
AVERAGE 0.0345 + 0.0049 0.0222 4+ 0.0001

Table 7. Per-seed Jiminy Cricket harm rates for Gemma-2-2B-IT.

SEED BASE HARM RATE FT HARM RATE

100 0.0347 0.0220

101 0.0285 0.0223

102 0.0310 0.0221

103 0.0400 0.0224

104 0.0385 0.0219
A.2. Training Curves

Figure 6 shows reward and mean contribution over training
steps for Qwen2.5-32B-Instruct on Threshold-IPG, com-
plementing the Gemma-2-2B-IT curve in Figure 3 of the
main text. Both metrics converge stably, confirming that
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Table 8. Per-seed Jiminy Cricket harm rates for Qwen2.5-32B-
Instruct.

SEED BASE HARM RATE FT HARM RATE

100 0.0152 0.0111
101 0.0108 0.0109
102 0.0121 0.0110
103 0.0136 0.0112
104 0.0108 0.0108

the transfer results reported in Section 4.3 reflect a genuine
learned signal rather than an artefact of incomplete training.

Figure 7 shows the flat reward landscape produced by train-
ing Qwen2.5-32B-Instruct on standard IPG. Near-ceiling
baseline cooperation rates provide minimal learning signal,
motivating the introduction of Threshold-IPG for higher-
capability models as discussed in Section 3.3.4.

Reward

Qwen?2.5-32B-Instruct
Threshold-IPG
Utilitarian Reward

T T T T
0 50 100 150 200 250
Training Steps

Figure 6. Reward (blue) and mean contribution ¢; (in faded blue)
over training steps for Qwen2.5-32B-Instruct trained on Threshold-
IPG with utilitarian reward. Both metrics converge stably, consis-
tent with a robust learned signal.

A.3. Contribution Distributions

Figure 8 shows the distribution of contributions c¢; from
Gemma-2-2B-IT before and after IPG finetuning. The shift
toward higher contributions confirms that the model learns
to increase collective welfare, consistent with the utilitar-
ian training objective. Convergence around ¢ ~ 7-8 rather
than the maximum of 10 reflects rational partial coopera-
tion against the mixed opponent population, as discussed in
Section 3.3.3.
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Figure 7. Reward over training steps for Qwen2.5-32B-Instruct
trained on standard IPG. The near-flat reward landscape reflects
near-ceiling baseline cooperation, providing insufficient learning
signal and motivating the use of Threshold-IPG for this model.
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Figure 8. Distribution of contributions c; across agents in the
Threshold-IPG environment.



Paths to Generalization for Agentic Moral Alignment

A.4. Naturalism in Training Games can Elicit
Pro-Social Behaviour

An illuminating result from Figure 4 was that GT-
HarmBench finetuning improved cooperation rates in Ten-
nant et al. (2025)’s prisoner’s dilemma evaluations even
in instances where a model knew their opponents defected
compared to IPD finetuning. This lends credence to the
hypothesis that semantic richness and diversity in finetuning
games can also improve downstream alignment.

A.5. Asymmetric Transfer of GT-HarmBench
Fine-tuned Models on IPD and Matrix Games

Fine-tuned models exhibit asymmetric transfer: cooperation
increases in IPD and ISH but decreases substantially in BOS
and ICD. Utilitarian fine-tuning reduces ICD cooperation
from 0.413 to 0.260 (—37.0% relative), which is appropri-
ate behaviour for a collective-payoff maximiser in that game.
One interpretation is that utilitarian training sharpens sen-
sitivity to collective welfare in positive-sum settings while
reducing tolerance for anti-coordination equilibria where
defection can be socially optimal. This selective pattern
highlights the importance of strategic diversity during train-
ing.

Table 9. Cooperation rates for Qwen3.5-9B on IPD and four other
matrix games defined in Tennant et al. (2025)’s paper. IPD: Iter-
ated Prisoner’s Dilemma; ISH: Iterated Stag Hunt; ICN: Iterated
Chicken; BOS: Iterated Bach or Stravinsky; ICD: Iterated Defec-
tive Coordination.

MODEL IPD ISH ICN BOS ICD

GT-HARMBENCH UTIL 0.537 0.720 0.647 0.437 0.260
GT-HARMBENCH GAME  0.527 0.670 0.647 0.437 0.317
BASE 0.480 0.713 0.650 0.567 0.413
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