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Abstract

Many of the settings where reinforcement learning (RL) could matter most are both
social and data-limited: agents must act in the presence of other decision-makers,
yet cannot rely on online interaction to learn how to do so. Current evaluations do
not target data-constrained social reasoning. Standard offline RL benchmarks treat
the environment as non-social, while multi-agent benchmarks focus exclusively on
fully cooperative settings. Thus the challenge of reasoning about partner identity
and motivations under mixed incentives, and generalising across social structures
from offline data alone, remains untested. We introduce Molten Pot, an evaluation
protocol, datasets and benchmark for offline mixed-motive social RL built on
Melting Pot substrates. The protocol spans five substrates, 47 social scenarios,
approximately one terabyte of trajectory data, and defines three complementary
evaluation settings that each probe a different aspect of social robustness. Setting
1 tests offline RL in multi-agent, mixed-motive settings with fixed background
populations. Setting 2 pools datasets across every scenario of a substrate, requiring
the learnt policy to handle varying partner behaviour without explicit context.
Setting 3 evaluates zero-shot social generalisation through disjoint train/test splits
that isolate specific social shifts. Finally, we benchmark four representative offline
RL algorithms on our evaluation protocol and datasets, finding clear limitations
in current methods’ ability to learn robust social strategies from offline data alone.
Molten Pot establishes offline social evaluation as a distinct and necessary target
for RL research.

1 Introduction

Humans routinely act appropriately in mixed-motive social situations they have never encountered
before [4,139]]. A driver merging into unfamiliar traffic, a negotiator facing an unknown counterpart,
a statistician designing an adaptive trial for a patient population whose adherence patterns must be
estimated: each must infer the intentions and likely behaviour of others from limited observation
and adapt without the luxury of online trial and error [3]. This capacity for social reasoning in
novel settings is crucial for trusting agents to act in the real world [9]. Yet in many of the situations
where such agents would be deployed, abundant interaction data already exists while further online
learning is expensive, dangerous, or impractical. Consider autonomous vehicles trained on recorded
driving data alongside human drivers whose behaviour varies and cannot be controlled. Alternatively,
consider designing adaptive or platform trials from a corpus of past trials run by different sponsors
and sites, whose enrollment, dosing, and early-stopping practices vary across the dataset and cannot
be intervened on after the fact [17]. In each case the data is plentiful, the environment is social, and
the agent has no opportunity to explore online [[17, 27]. We must evaluate social reasoning under the
data constraints that deployment frequently imposes. Current evaluation infrastructure does not test
this capability.
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Evaluation Setting 1: Single-Scenario Offline Multi-Agent RL with Mixed Motives

For each scenario s; independently: train only

D train N eval on DSN evaluate online on the same scenario.
i ) : Partner fixed and therefore folded into the envi-
ronment dynamics.

Evaluation Setting 2: Partner Inference for Offline Multi-Scenario Social RL

Dey Train on the union of per-scenario datasets with
Ds, the scenario label withheld; evaluate each scenario
B separately. A single policy must infer its partner
D. from its interaction history.
s

Evaluation Setting 3: Zero-Shot Social Generalisation in Offline RL

D q 3 q .
el subse: g .
N eval ".l“rfﬁm on a subset of scenarios; evaluate on a dis
Ds, - < Jjoint subset. Held-out partners the behaviour pol-
D J icy never interacted with.
s3 < J

Train (| Test (] Held-out Test

Figure 1: Molten Pot at a glance. Top: a substrate M paired with different background populations
75 defines a family of scenarios s; = (M, wg ). Every scenario hosts multiple focal agents, each
controlled by its own independent PPO learner; trajectories were logged throughout training so the
offline dataset D,, mixes skill levels from random initialisation to the converged policy. Bottom: the
same datasets feed three offline RL evaluation settings that probe distinct facets of social robustness.
Evaluation Setting 1 trains and evaluates per scenario independently; Evaluation Setting 2 pools all
datasets with the scenario label withheld and tests partner inference; Evaluation Setting 3 trains on a
subset of scenarios and evaluates on a disjoint held-out set of scenarios.

Offline RL, as benchmarked by D4RL [14], RL Unplugged [19], and their successors, have focused
almost exclusively on single-agent control problems, in which the environment dynamics are sta-
tionary and the training distribution varies only through the quality of the behaviour policy used
to collect data. The evaluation targets these benchmarks stress are distributional shift between the
behaviour policy 7 and the learned policy ¥, and the conservatism required to avoid over-estimating
out-of-distribution actions. What they do not evaluate are the social reasoning challenges that arise
when the environment contains other adaptive agents. In a social environment, the standard offline
RL question of whether we can learn a robust policy from historical logs, becomes whether we can
learn a robust policy from logs of interactions between a policy and a population of co-players with
mixed motives, and does that policy generalize to unseen players?

Offline multi-agent RL benchmarks move closer but do not reach this goal. OG-MARL and its
extensions [[10} [12] target offline Multi-Agent RL (MARL) in fully cooperative environments such as
SMAC [36] and the MAMuJoCo [33], where the central challenge is coordination [38]] rather than
handling heterogeneous partner behaviour under misaligned incentives. Mixed-motive settings, in
which agents have overlapping but non-identical incentives and must reason about whether and when
to cooperate, are largely absent. Melting Pot [25] provides exactly the substrates needed to probe
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mixed-motive social reasoning, but was designed for online evaluation: policies are trained with
self-play or population-based methods and then scored against held-out background populations. The
offline counterpart — learning mixed-motive social policies from fixed datasets and evaluating on
these substrates — remains unexplored.

We introduce Molten Pot, an evaluation protocol with datasets for offline mixed-motive, social
reinforcement learning. It is built on five Melting Pot substrates that together span several
social reasoning challenges including: public-goods provision, agent reciprocity, partner choice,
commons governance, and trust formation. Molten Pot provides infrastructure to evaluate offline
mixed-motive social reinforcement learning: per-scenario offline datasets totalling approximately one
terabyte of trajectory data, and three complementary evaluation settings that probe distinct aspects of

social robustness (Figure 1)).

Evaluation Setting 1 tests single-scenario offline learning with fixed partner populations, mirroring
the standard offline MARL setup [10] but now testing the ability to navigate a mixed-motive social
environment. Evaluation Setting 2 pools datasets across every scenario of a substrate and withholds the
scenario label, requiring policies to handle heterogeneous partner behaviour without explicit context,
whether by explicit partner inference, by learning a robust generalist strategy, or otherwise. Evaluation
Setting 3 designs train and test splits with held-out scenarios that exhibit specific classes of social
shift, including: convention mismatch, reciprocity threshold, punishment capability, deployment role,
and latent within-episode partner type. This isolates each type of shift and tests whether methods can
generalize to partners exhibiting behaviours the training data never contained. The three settings are
not arranged on a difficulty ladder; rather they probe different challenges and a method may succeed
on one and fail on another for reasons specific to that setting.

Finally, the capability Molten Pot targets is increasingly relevant beyond the classical RL community.
Large language model agents are being deployed into open-ended environments [22] where they
interact with other agents (other LLM agents, humans, and legacy automated systems) whose policies
are unknown and must be inferred from the example interactions seen during pre-training. Molten Pot
provides precisely the infrastructure to ask "how well do these agents handle unfamiliar co-players
given only its fixed pre-training data?". We view the benchmark as a precursor to the systematic
evaluation of deployed LLM-based agents under similar constraints.

2 Preliminaries

2.1 Partially Observable Markov Games

Following Leibo et al. [25], a substrate is a multi-agent environment defined by its map, mechanics,
and reward structure, independent of the specific players that populate it. Formally, a substrate is
modelled as a partially observable general-sum Markov game [[18 [20]

M = <N7 Za {Ai}iEN7 {Oi}iENa T? {ri}iENa 7>a

with players N, state space Z, per-player discrete action and observation spaces A;, O;, joint
transition kernel 7 : Z x [[, A; — A(Z), per-player reward 7; : Z x [[, A; — R, and discount
v € [0,1). Here, observations are egocentric 88 x 88 RGB frames and rewards are individual;
games are mixed-motive, meaning reward functions are neither identical (cooperative) nor opposed
(zero-sum) unless explicitly stated.

2.2 Focal and Background Agents

Following Leibo et al. [23]], the player set is partitioned into focal positions F C N, whose policies
are learned and evaluated, and background positions B = N\ F, whose policies are fixed and shipped
with the benchmark. Within the benchmarked implementations, focal agents share parameters 6
across positions; background agents are scripted or pre-trained co-players that act as a black box
from the learner’s perspective. Parameter sharing is one choice for tackling focal learning.

2.3 Scenarios

A scenario is a pair s = (M, %) comprising a substrate M and a fixed joint background policy

78. Molten Pot ships a finite set S,y of scenarios across five substrates (Tables [2H3); each scenario
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(a) Clean Up (b) Coins (c) Coop Mining (d) Commons Harvest (e) Allelopathic Harvest

Figure 2: The five Molten Pot substrates. Representative rendered frames from DeepMind’s Melting
Pot [25] covering a range of mixed-motive game structures: common-pool resource dilemmas, public-
goods games, dyadic social dilemmas, partner-choice coordination, and convention adoption. Every
substrate ships multiple background-partner scenarios: Clean Up (9), Coins (7), Coop Mining (6),
Commons Harvest (12), and Allelopathic Harvest (13), for a total of 47 scenarios. Per-scenario
descriptions appear in Table E}

captures a qualitatively distinct social configuration, such as a focal population visiting a resident
group of reciprocators or being visited by a corrigible rider (one that cooperates only after being
sanctioned). Fixing a scenario s absorbs the background agents into the environment dynamics:
from the focal perspective, background actions a’ ~ ﬁf a hf ) are part of the transition function
rather than strategic variables. Writing M7 (74) for the resulting focal-perspective dynamics under
scenario s and focal policy 7y, the focal return is

T-1

1
Js(mg) = ETNMf(we) E ’YtTf ) 7{ = WE Ti,t- e))
t=0 ieF

2.4 Datasets

For a scenario s, an offline dataset D; is a collection of focal-perspective episodes generated by
some focal agent policies acting in M alongside the fixed background population 2. Each episode
records, for every focal agent ¢ € F and timestep ¢, the observation o; ¢, action a; ¢, and reward
;¢ Background actions and the underlying environment state are not stored: from the learner’s
perspective, partner behaviour is observable only through its effect on the focal trajectory.

For every scenario s, the focal agents are trained against the fixed background population 7TSB using

independent PPO [37]]: each focal agent runs its own PPO learner and updates on its own individual
reward, so from any single focal agent’s perspective the learning problem is a partially observable
stochastic game [[18]] in which the background is fixed and the other focal agents are concurrent,
non-stationary co-learners. This inherits the canonical difficulties of multi-agent RL; non-stationarity
from simultaneous focal updates and credit assignment over shared environmental events.

During each run we log N = 1000 trajectories of length 7" = 1000 spaced uniformly across training
time rather than only at convergence, so D, deliberately mixes focal-skill levels, from near-random
early-training behaviour through to the converged policy. To validate the quality of our converged poli-
cies, the focal agent returns are compared to the returns reported by Leibo et al. [25] on the same sce-
narios, confirming that the behaviour policy is a reasonable ceiling against which to normalise offline
methods. Following the dataset-transparency recommendation of Formanek et al. [[12], the aggregated
return distribution per substrate is shown in Figure [3|and the per-scenario breakdown in Appendix B}

3 Partner Inference and Bayes Optimality.

Unlike Evaluation Setting 1, Settings 2 and 3 both require focal agents to act well against varying
partner populations that are never identified by label. Setting 2 is designed specifically so that
maximising its evaluation metric formally requires partner inference. We now show why.

Because background behaviour is unobserved and varies across scenarios, the dynamics experienced
by a focal agent depend on a latent context: the background partners themselves. This latent-context
structure mirrors the social inference problem faced by humans entering unfamiliar social settings:
observed behaviour reveals information about the intentions and dispositions of others, which in turn
informs action selection [3]]. We can formalise this structure. Writing h; = (09, ag, 1o, - - . , 0¢) for
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the focal history, the focal-perspective transition under scenario s is obtained by marginalising over
background actions:

p(oig1, 1 ’ he,ag; s) = EaBNWg?(.\h?)[p(OtJrlﬂ"t ’ hy, az,ab) } )

When focal agents are deployed against a scenario drawn from a set S with prior Pr(s), the Bayes-
filter posterior over scenarios given the observed history is
t—1
bi(s) := Pr(s|hy) x Pr(s) Hp(ouﬂ,ru | By @ 8). 3)

u=0

As focal agents accumulate observations and rewards, each timestep provides evidence about which
partner population it faces, and the belief b, concentrates on the true scenario. The Bayes-optimal focal
policy acts under the belief-weighted predictive dynamics p(0s41,7¢ | he, ar) = >, be(S) p(os41, ¢ |
h¢, ag; s), and the value of the optimal such policy satisfies the Bellman equation

V*(ht) = II}I?X Eswbt[ETh ot+1~p(- | he,at; S)[rt + v v (ht+1) ] ] : (4)

This is the optimal expected return for the scenario distribution S under prior Pr(s): because V*
solves the maximisation over all history-conditioned policies given exact knowledge of each scenario’s
generative model and exact Bayesian inference, no other history-conditioned policy achieves higher
expected return averaged over scenario draws from the same prior. On any individual realised scenario
a policy better calibrated to that specific partner population may achieve higher return, but only by
sacrificing performance on others; V'* is the optimum over the distribution as a whole, and serves as
an upper bound on the expected performance of any learned policy, where both the generative model
and the posterior must additionally be approximated from finite offline data. The tension between
per-scenario specialisation and distributional robustness is precisely what the evaluation protocol is
designed to expose.

This Bayesian formulation characterises what must be solved, not how. An agent that matches
the Bayes-optimal policy through explicit posterior tracking and an agent that arrives at the same
value through a learned generalist strategy are equally optimal; in the latter case, the requisite social
reasoning is occurring implicitly. Maximising expected return averaged over a scenario distribution,
where partner identity is unobserved and inferable only from within-episode history, therefore
formally requires partner inference, whether performed explicitly or implicitly. The evaluation
protocol below, in particular Setting 2, operationalises this directly.

4 The Molten Pot Evaluation Protocol

Molten Pot defines three evaluation settings that probe different aspects of social robustness in offline
RL. Each is a fully specified offline reinforcement-learning problem; what distinguishes them is the
support of the training and evaluation scenario distributions. The five substrates, the full scenario
catalogue, and the train/test splits of evaluation setting 3 are documented in Appendix [A](Tables [2}-f).

Formally, we write Ds := (J, cs Ds for the union of the per-scenario datasets over a set of scenarios
8 C S.u1. Each evaluation setting specifies a training scenario set S**, whose datasets the learner
may use, and a test scenario set S*®, in which the learned focal policy g is scored. The settings
differ in how these two sets relate: identical in Settings 1 and 2, disjoint in Setting 3. A learner is
given Dgt. and must return 7y without any environment interaction. In every setting the scenario
label s is withheld both from the observation at training time and from the policy at test time: the
algorithm only ever sees focal (o, a, ) tuples. Our datasets are released in full on our anonymised
Hugging Face repositor

4.1 Evaluation Setting 1: Single-Scenario Offline Multi-Agent RL with Mixed Motives

Setup. Setting 1 is run independently per scenario: for a given s € Sy, we set S = St = {s}.
The algorithm is trained on D, and evaluated online in M. Performance is the focal return from (T])
evaluated in scenario s:

Ji(mg; 5) = Js(mg), 5 € Sall- Q)

'https://huggingface.co/datasets/frmjua/moltenpot|(Anonymous)
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Figure 3: Per-substrate focal-agent return distributions. Each panel pools all trajectories logged
during the independent-PPO runs of every scenario in the substrate. The spread of episode returns
confirms that every substrate’s dataset is skill-mixed rather than expert-only. The dashed red line
in each panel marks the substrate’s mean episode return, and the dashed green line marks the 90th
percentile. Across the benchmark we logged ~1 TB of focal-agent trajectories. Per-scenario return
breakdowns appear in Appendix E

What this setting evaluates. Because s is fixed, ﬂf is a fixed feature of the environment dynamics
and no partner inference is required. Setting 1 therefore mirrors the standard single-task offline POSG
from Formanek et al. [10], but in a mixed-motive multi-agent environment instead of a cooperative
one. This highlights a gap in existing evaluation: offline RL benchmarks do not test mixed-motive
social environments, and multi-agent offline benchmarks are restricted to fully cooperative settings
[LO, [11]]. Setting 1 fills that gap directly, asking whether standard offline methods can learn to act
well alongside partners who do not share rewards.

4.2 Evaluation Setting 2: Partner Inference for Offline Multi-Scenario Social RL

Setup. Setting 2 is run independently per substrate: for a given substrate, let Sgyp, € Sayy denote
its scenarios. We set S = S' = Sy, and train a single focal policy on the union dataset Ds,_, .
Crucially, the scenario label is not provided to the learner. The trained policy is then deployed and
evaluated in each scenario separately. The headline score is the mixture return

Jiu(mg) = Egupre(s.) | Js(mo) | (6)

where P' is the uniform distribution over Sg,,. We also report the per-scenario profile
{Js(7m)} ses.., sO that scenario specific failures are visible (Fig. ).

What this setting evaluates. Setting 2 instantiates the evaluation in §3} because evaluation episodes
are independent, the policy is deployed fresh in each scenario and must infer the partner population
from within-episode history alone. The headline metric Ji; averages across scenarios under the
uniform prior, so its maximiser is the Bayes-optimal partner-inferring policy. A policy that ignores
partner identity and plays a single marginal strategy is sub-optimal. The inverse cannot be claimed:
poor performance need not stem from missing partner inference alone. High performance also
requires generative model specification from finite offline data, and standard offline-RL errors such
as extrapolation error, insufficient support, and conservative bias can also drive poor performance.
No existing benchmark provides a setting in which partner inference capability can be measured.

4.3 Evaluation Setting 3: Zero-Shot Social Generalisation in Offline RL

Setup. Setting 3 is run independently per substrate. For each substrate we provide disjoint train/test
splits (S*, S*¢) with S N S = () (Table[d). The algorithm is trained on Dg:x, again with scenario
labels withheld, and evaluated on the held-out scenarios. Performance is Ji1 as in Setting 2, but
evaluated on the held-out scenarios S*®.

Formal view. Setting 3 introduces a distribution shift P*"(s) # P%(s) with disjoint scenario
support: the partner posterior (Eq.[3) is miscalibrated by construction, and the Bayes-optimal rule (@)
cannot be evaluated directly. The setting is nonetheless not designed to be unsolvable: the observation
space, action space, and substrate mechanics are shared across all three settings, so the distributional
shift is in the composition of familiar elements rather than in the elements themselves.

What this setting evaluates. Setting 3 introduces the evaluation of zero-shot social generalisation
from offline data. Where Setting 2 evaluates partner inference over a known scenario set, Setting 3
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Figure 4: Evaluation 1 — per-substrate performance profiles. For each substrate we plot the
rliable performance profile [2,[16]: the fraction of scenarios on which each algorithm scores at least

the normalised final-eval return given on the z-axis. Shaded bands are stratified-bootstrap Cls.

asks whether learned social reasoning transfers to partner populations entirely absent from the training
distribution. Each train/test split isolates a specific, nameable social shift: convention mismatch,
threshold shift in reciprocity, punishment-capability shift, role shift, commitment shift, latent within-
episode partner type, feedback-loop shift, and population-scale shift. Table @ in Appendix [A]lists the
nineteen splits across the five substrates and characterises each shift in detail.

5 Benchmark Results

We report results on Evaluation 1, Evaluation 2, and Evaluation 3 using four representative algorithms:
behavioural cloning [BC, 35]], Batch-Constrained Q-Learning [BCQ, [15], Implicit Q-Learning [IQL,
23|], and Conservative Q-Learning [CQL, 24)]. Every algorithm’s policy and Q-function carries a
recurrent GRU [6] layer over the focal agent’s interaction history so that partner identity can in
principle be inferred from past observations and actions [30]]. We use single-agent offline algorithms
because existing offline MARL methods target fully cooperative settings via centralised training,
which is ill-suited to mixed-motive substrates with distinct per-agent rewards; independent-agent
baselines have moreover been shown to be competitive with, and often to outperform, CTDE methods
on standardised offline MARL benchmarks [13]]. Each algorithm is trained for 20,000 gradient
updates with three seeds, and hyperparameters are included in Appendix [C] Our code is available on
GitHut?]

Normalisation. For each scenario we report the normalised final eval return
Js = (Rs — Rrandom,s)/(Rp9o,s — Rrandom,s) [14], where Ryandom,s is the mean return of a
uniform-random focal policy on scenario s and Ry, is the 90th-percentile episode return in the
offline dataset for s (which we use as a proxy for expert policies). Under this normalisation 0
corresponds to a random policy and 1 to the “best-in-dataset” (top-decile) episode. The reference
lines on every result figure mark J=0 (grey dotted, random) and J=1 (green dashed, dataset pog).

5.1 Evaluation Setting 1 — Aggregate Performance across Scenarios

Figure [] reports a performance profile per substrate: the fraction of the substrate’s scenarios on
which each algorithm achieves at least the normalised final-eval return on the z-axis. Curves are
computed by MARL-evals utilities [16]], with shaded stratified-bootstrap confidence intervals [2]. On
most substrates BC produces the most consistent profile — a near-flat plateau followed by a sharp
drop at a substrate-specific threshold, indicating that BC scores in a narrow band around roughly
the same return on most scenarios. The offline RL methods (IQL, BCQ, CQL) trace more gradually
decreasing curves, reflecting wider per-scenario spread: their curves sit below BC’s at thresholds
inside BC’s plateau (scenarios where they underperform BC) but retain non-zero mass to the right of
BC’s drop-off (scenarios where they substantially exceed BC). This reflects the offline RL algorithms’
sensitivity to the varying magnitudes of expected episode return across scenarios: sometimes they
fail to learn anything useful, and sometimes they learn a policy that outperforms the dataset’s pgg
episodes by a large margin. Per-scenario breakdowns appear in Appendix [D] In Appendix [F we also
include the change in background agents’ returns after the focal agent’s policy is deployed. In a

Zhttps://github.com/frmjua/moltenpot /| (Anonymous)
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Figure 5: Evaluation 2 — per-substrate scenario profile. The rays of each spider are that substrate’s
scenarios (numbered along the perimeter, with Commons Harvest variants abbreviated C=closed,
0=open, P=partnership); each algorithm’s polygon connects its mean normalised final return on each
scenario. The dashed green circle marks the dataset pg ceiling and the dotted grey circle marks the
random-policy baseline. Asymmetric polygons reveal scenarios on which an algorithm collapses.

few scenarios, especially Coop Mining, the background agents returns increase along with the focal
agents, reflecting a win-win situation. But in the majority of scenarios, the focal agent’s gain is at the
expense of the background agents, reflecting the mixed-motive nature of the substrates.

5.2 Evaluation Setting 2 — Per-Substrate Profiles

The substrate-level aggregate hides whether an algorithm is uniformly mediocre or instead does
well on a few scenarios and collapses on others. Figure[5|unpacks Setting 2 by substrate, with one
spider plot per substrate whose rays are scenarios and whose polygon vertices are each algorithm’s
mean normalised return. The polygons reveal within-substrate variation that the aggregate erases: on
every substrate at least one scenario lies at or below the random-policy reference for every algorithm,
and the dent toward the centre falls in broadly the same place across algorithms—consistent with
the posterior-inference reading, in which the difficult scenarios are those whose partner type is
mismatched against the training mixture rather than the algorithm’s choice of conservatism penalty.
Per-scenario Setting 1 vs Setting 2 comparisons appear in Appendix [D]

Setting 1 vs Setting 2. Pooling every (substrate, sce- -
nario, seed) sample, Table [] reports RLiable’s [2, [16] 1able I: Optimality gap (]) pooled
optimality-gap headline estimator with stratified-bootstrap ~4€TOSS EVery (substrate, scenario, seed),
95% confidence intervals. Despite Setting 2 training on With rliable 95% CI. All aggregate met-
the union of all per-scenario datasets — substantially more 1i¢S in Appendix

data, drawn from a more diverse mixture than any single - -
Setting 1 run — the optimality gap tends to grow. We Algo Setting 1 Setting 2

tentatively attribute this pattern to the partner-inference  1QL  0.30 [0.28, 0.33] 0.31[0.29, 0.32]
pressure that Setting 2 imposes on the learner: withholding  gc 035033, 0.36] 0.36 [0.35, 0.37]
the scenario label forces the policy to recover the partner BCQ 0.26[0.24,0.27] 0.29 [0.27, 0.31]
posterior from interaction history alone, and the offline CQL 0.43[0.42,044] 0.49[0.48,0.51]
algorithms studied here appear unable to convert the extra

data into better generalist social behaviour.

5.3 Evaluation Setting 3 — Train vs. Test Performance.

Figure [f|reports each algorithm’s normalised return aggregated across (split, scenario, seed) samples
within each substrate, with in-distribution (train, filled circle) and out-of-distribution (held-out test,
filled square) evaluations shown side by side. Within every substrate the in-distribution markers sit
above their out-of-distribution counterparts: the disjoint-scenario shift costs a measurable fraction of
return for every algorithm, and on several substrates pushes out-of-distribution performance back
towards the random-policy reference. The gap size varies by algorithm and substrate. Punishment-
and role-shifts on Commons Harvest produce the largest drops, consistent with the hypothesis
that capability shifts (passive — sanctioning counterparts; visitor — resident deployment) require
composing two transfer problems at once. Coins absorbs its splits most gracefully, where train
and test scenarios share a common dyadic structure and differ mainly in partner thresholds. No
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Figure 6: Evaluation 3 — per-substrate aggregate normalised return, in-distribution vs out-
of-distribution. For each algorithm: markers are means pooled across every (split, scenario, seed)
sample; error bars are SE. Outlier samples beyond the clipped axes are shown as pointing triangles at
the edge. Per-split, per-scenario breakdowns in Appendix @

algorithm closes the in/out gap: scenario-agnostic offline RL recovers within-distribution behaviour
but does not produce policies that generalise compositionally to disjoint partner populations. Per-split,
per-scenario raw-return breakdowns appear in Appendix [E]

6 Related Work

Standard single-agent offline RL benchmarks—D4RL [14] and RL Unplugged [[19]—fix per-task
behaviour distributions so that conservative algorithms such as BCQ [[15], CQL [24]], and IQL [23]
can be compared on a common axis of distributional shift, but their non-social dynamics make the
failure modes Molten Pot targets structurally invisible. The closest multi-agent counterparts are
OG-MARL [10] and its revision [[12f], which inherit the cooperative assumption from SMAC [36]] and
MAMuJoCo [33] and therefore do not evaluate partner reasoning; offline-MARL algorithmic work
has likewise concentrated on cooperative coordination [} 21} 38]], multi-agent conservatism [32]],
model-based approaches [5 41]], and offline-to-online transfer [28]. The mixed-motive evaluation
protocol Molten Pot adopts originates with sequential social dilemmas [26] and Melting Pot [}, 25]],
whose focal/background split scores generalisation to unseen co-players, and which has since been
reimplemented for fast online training in SocialJax [29]; in the mixed-motive online setting, Ndousse
et al. [31] further show that social observation can drive agents to learn from one another. Partner
handling itself is evaluated in cooperative form by ZSC-Eval [40] and the ad-hoc-teamwork literature,
with Mon-Williams et al. [[30] showing that recurrent agents form partner models only when the task
demands them. Applied mixed-motive MARL has also begun to make its way into human-compatible
self-driving [7, 8]]. Molten Pot inherits the offline-data discipline of OG-MARL [10, [12]] while
replacing its cooperative assumption with the focal/background mixed-motive structure of Melting
Pot, isolating partner handling rather than coordination as the object of evaluation.

7 Conclusion

We introduced Molten Pot[}] an offline RL evaluation protocol with datasets built from five mixed-
motive Melting Pot substrates. Our three Evaluation Settings probe distinct aspects of social robust-
ness: single-scenario fitting (Setting 1), partner inference under withheld scenario labels (Setting 2),
and zero-shot generalisation across disjoint train/test partner populations (Setting 3). Four representa-
tive algorithms (CQL, BC, BCQ, IQL) leave substantial headroom against the pgy dataset ceiling on
Settings 1 and 2 and incur a clear in-distribution to out-of-distribution drop on Setting 3. Together, the
three settings evaluate failure modes that standard offline RL benchmarks overlook. Tackling these
settings will require methods that go beyond scenario-agnostic conservatism—partner representations
that support extrapolation, posterior-aware conservatism penalties, or memory architectures designed
to maintain a calibrated belief over partner type. Molten Pot provides the datasets, splits, and evalua-
tion harness needed to measure progress on each axis, and we hope it serves as a foundation for the
next generation of multi-agent offline RL.

3Interactive visualization: https://frmjua.github.io/moltenpot|(Anonymous)
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s5 A Benchmark reference tables

476 This appendix lists, for reference, the five substrates that compose the Moltenpot benchmark, the full
477 per-scenario catalogue with its social-role badges, and the Benchmark 3 train/test splits.

Table 2: Moltenpot substrates and the primary social challenge each substrate is intended to probe.

Substrate Players Social challenge

Clean Up 7 Public-goods maintenance, contribution vs. free-riding, reci-
procity, sanctioning, and corrigibility under collective depen-
dence.

Coins [26] 2 Reciprocity and adaptation to partner policy in a mixed-motive
dyadic dilemma.

Coop Mining 6 Trust formation, partner choice.

Commons Harvest [34] 7 Tragedy of the commons.

Allelopathic Harvest 4-16 Convention adoption and norm-setting: no dominant individ-

ual strategy, so the payoft-optimal planting colour depends on
what the rest of the population is doing.

Table 3: Scenario overview for the Moltenpot benchmark. denotes visitor-mode focal populations and
I8 denotes resident-mode focal populations. PRO  prosocial / sustainable counterpart, and = ANTI antisocial
/ unsustainable counterpart. Primary scenario families are: RC reciprocity / conditional cooperation, PC
partner choice / partner discrimination, CG commons governance / sustainability, TR trust/ institutional
commitment, and CA convention adoption. Modifier badges indicate the dominant complication: = TH
harsher (low) reciprocity threshold / suspiciousness, EN punishment / sanctioning, CO corrigibility, NS
non-stationary or alternating partner behavior, LT latent partner type, and ST structured.

Substrate Sc. Scenario Type Description
0 PRO Visiting an altruistic population.
2 ST Visiting a turn-taking population that cleans first.
3 ST Visiting a turn-taking population that eats first.
4 I3 RC Focals are visited by one reciprocator.
Clean Up 5 I3 RC TH Focals are visited by two suspicious reciprocators.
7 RC TH Focals visit a resident group of suspicious reciprocators.
13 RC CO Focals visit easily corrigible reciprocators.
14 RC CO TH Focals visit reciprocators who are corrigible but difficult to
convince.
15 RC CO Ns Focals visit easily corrigible reciprocators and also bots who
alternate between contributing and free riding.
0 PC LT Partner is either a pure cooperator or a pure defector.
1 RC Partner is a high-threshold (generous) reciprocator.
) 2 RC TH Partner is a low-threshold (harsh) reciprocator.
Coins 3 RC EN Partner is a high-threshold (generous) strong reciprocator.
4 RC EN TH Partner is a low-threshold (harsh) strong reciprocator.
5 PC PRO Partner is a cooperator.
6 PC ANTI Partner is a defector.
0 TR PRO Visiting cooperators.
1 PC Visiting residents that extract both ores.
Coop Mining 2 PC  ANTI Visiting defectors.
3 I3 PC PRO Residents visited by a cooperator.
4 B PC ANTI Residents visited by a defector.
5 PC LT Find the cooperator partner.
0 CG ANTI Focals visit pacifist bots who harvest unsustainably.
Commons Harvest: Closed 1 IEB CcG ANTI Focals are resident and visited by pacifist bots who harvest
unsustainably.
2 CG PRO EN Focals visit bots who zap and harvest sustainably if they get a
chance.
3 Il CG PRO EN Focals are resident, and are visited by bots who zap and harvest
sustainably if they get a chance.
Commons Harvest: Open 0 BB CG ANTI EN 1:2:31; slglea;eliident and visited by two bots who zap and harvest
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TableEI( continued)

Substrate Se. Scenario Type Description
1 CG ANTI Focals are resident and visited by two pacifists who harvest
unsustainably.
0 TR PRO Meeting good partners. 1 focal agent.
1 I3 TR PRO Focals are resident and visitors are good partners.
Commons Harvest: Partnership 2 TR PRO EN Focals visit zappers who harvest sustainably but lack trust.
3 I3 TR PRO EN Focals are resident and visited by zappers who harvest
sustainably but lack trust.
4 TR ANTI Focals visit pacifists who do not harvest sustainably.
5 TR ANTI EN Focals visit zappers who do not harvest sustainably.
0 CA ANTI Visiting a population where planting green berries is the
prevailing convention.
1 CA PRO Visiting a population where planting red berries is the
prevailing convention.
2 I3 cA Focals are resident and visited by bots who plant either red or
green.
Allelopathic Harvest 3 CA PRO Focals like red, visited by convention followers.
4 CA PRO Focals like red, visited by mixture of convention followers and
bots who like red.
5 CA ANTI Focals like red, visited by mixture of convention followers and
bots who like green.
6 CA ANTI Small-world version of scenario 5 (5 focal, 5 bots).
7 CA PRO Small-world pure-follower version of scenario 3 (5 focal, 5
bots).
8 CA PRO Minimal 2-focal/2-follower setting;focals like red, meeting
convention followers.
9 I3 cA Focal majority with mixed preferences; focals are resident,
visited by a couple of convention followers.
10 I3 cA Very small mixed-preference focal group with a single follower
bot.
11 I3 cA Large focal majority (8R + 6G) visited by a couple of
convention followers.
12 B CA ANTI Largest focal majority visited by a couple of convention

followers and bots who plant green.
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Table 4: Moltenpot Evaluation 3 train—test splits. For each substrate, the split specifies a disjoint
(8™, S*) pair and the social shift it is designed to probe.

Substrate Split Shift Train Test What this split tests
Ul PRO 0,2,3,17 1,21,22 Generalisation from helpful or
Clean Up ST — ANTI SuuclgredApartnAer populations to
free-rider intrusion.
U2 RC — RC 4,8,9,11,13,15,18 5,6,7,14,16 Transfer from low-threshold or nice
TH reciprocity to suspicious,
higher-threshold reciprocity.
U3 RC — RC 4,5,6,7,8,18 9,11,12, 13,14, 15,16 Generalisation from reciprocity to
co corrigibility under partner variation.
U4 PRO 0,2,3,4,5,6,7,8,17, 10,15, 16, 19,20 Robustness to unstable and sanctioning
RC ST — NS 18 partner behaviour after training on
EN stable helpful and reciprocal
counterparts.
C1 PC — RC 0,5,6 1,2,3,4 Generalisation from unconditional
Coins partner types to conditional reciprocity.
C2 RC — RC 1,3 2,4 Transfer from lenient to harsh
TH reciprocity thresholds.
C3 RC — RC 1,2 3,4 Transfer across punishment severity.
EN
C4 PC — PC LT 5,6 0 Latent partner-type inference under
within-episode uncertainty.
Ml — ﬂ 0,1,2,5 3,4 Transfer from visitor-mode response to
Coop Mining resident-mode competition.
M2 PC — PC 0,2 5 Generalisation from homogeneous
LT partner populations to heterogeneous
populations.
M3 Jo N R | 0,5 3 Generalisation from abundant
PC cooperation opportunities to scarcity

and competition for partner access.

H1 ANTI — ANTI Closed: 0, 1; Open: 1;  Open: 0; Partnership: 5 Transfer from passive unsustainable

Commons EN Partnership: 4 counterparts to enforcement-capable
Harvest unsustainable counterparts.
H2 R Closed: 0, 2; Closed: 1, 3; Open: 0, 1; Transfer from visitor-mode adaptation
Partnership: 0, 2, 4, 5 Partnership: 1, 3 to resident-mode governance.
H3 CG — TR Closed: 0, 1, 2, 3; Open: Partnership: 0, 1, 2, 3 Generalisation from anonymous
0,1 commons management to dyadic
institutional commitment.
H4 TR Partnership: 0, 1 Partnership: 2, 3 Trust calibration under partner shift
PRO — TR from good partners to guarded or
PRO EN adversarial ones.
Al PRO — ANTI 1,3,4,7,8 0,5,6 Generalisation from aligned or
Allelopathic shapeable conventions to misaligned or
Harvest opposing conventions.
A2 pure 3,7,8,9,10, 11 4,5,6,12 Robustness of convention-following
followers — mixed when some visitors no longer merely
visitors follow the prevailing norm but also

carry their own colour preference, in
both visitor-like and resident-majority
settings.

A3 large — small 3,4,5,11,12 6,7,8,9, 10 Transfer from large-population
convention dynamics to sparse settings
where a few agents or even a single
plant can determine which convention
takes hold.

A4 Y R | 0,1 2,9,10, 11, 12 Transfer from adapting to an
already-established visiting convention
to sustaining or shaping the convention
as a resident focal majority under
different visitor mixes.
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B Per-scenario return histograms

Figures [7HTT] show, for every scenario in the benchmark, the distribution of focal-agent episode
returns across the 1000 trajectories logged during the scenario’s independent-PPO run. Because
trajectories are recorded uniformly across training time, each histogram should exhibit a wide support

with a left tail from near-random initial rollouts and a right peak near the converged PPO return

>

uniform sampling across training time deliberately produces a skill-mixed dataset rather than an
expert-only one, following the dataset-transparency recommendation of Formanek et al. [12]. Narrow
histograms are a warning sign that the scenario’s behaviour policy collapsed or that the logging
schedule failed to capture the full training arc. In every panel the dashed red line marks the scenario’s
mean episode return and the dashed green line marks the 90th percentile.
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Figure 7: Clean Up — per-scenario focal-return distributions. Dashed red: scenario mean

green: 90th percentile.
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Figure 9: Coop Mining — per-scenario focal-return distributions. Dashed red: scenario mean.
Dashed green: 90th percentile.
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Figure 10: Commons Harvest — per-scenario focal-return distributions. Variants are grouped
by row: closed (top), open + partnership (middle and bottom). Dashed red: scenario mean. Dashed
green: 90th percentile.
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mean. Dashed green: 90th percentile.

19



488

489
490
491
492
493
494
495

496
497

C Hyperparameters

Tuning protocol. We purposfully use a modest hyperparameter tuning budget. For every (algorithm,
substrate) pair we In particular, hyperparameters are tuned on the first scenario of the substrate only,
and the resulting values are then reused unchanged on every other scenario in the substrate. It is
now well-recognised that for offline RL the online tuning budget should be kept small and fixed,
so that comparisons reward algorithms that need less tuning rather than the practitioner who could
afford the most online evaluations [[13]]; in any realistic deployment of an offline-trained policy, online
evaluation for hyperparameter selection is exactly the resource we cannot liberally spend.

Shared settings. Every algorithm uses the same focal-agent architecture, optimiser and training
schedule (Table[5). The only substrate-dependent hyperparameters are given in Table [6]

Table 5: Shared training and architecture settings, applied across all four offline algorithms and all
five substrates.

Setting Value

Convolutional backbone 3-layer CNN (matches MeltingPot 2.4)
Hidden size (FC) 256

Recurrent core (GRU) 256

Optimiser Adam (default 31, 52)
Learning rate 3x107*

Discount v 0.99

Soft-target rate T 0.005

Batch size 32

Sequence length 128

Gradient steps 20,000

Seeds per (substrate, algorithm) 3

Table 6: Per-algorithm, per-substrate hyperparameters. Values were selected by the per-substrate
tuning protocol described above (tune on the substrate’s first scenario, then re-use for every other
scenario in the substrate).

Algorithm Hyperparameter Coins Coop Mining Clean Up Commons Harvest Allelopathic Harvest

QL Expectile Tiqr 0.80 0.80 0.70 0.70 0.70
Advantage temp. 3 2.0 4.0 5.0 2.0 3.0

BCQ Action threshold 78cq ~ 0.30 0.30 0.30 0.30 0.40

CQL CQL coefficient o 3.0 5.0 7.0 3.0 6.0
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D Per-scenario Benchmark 1 vs Benchmark 2 eval returns

For each scenario in the benchmark we report the side-by-side Benchmark 1 vs Benchmark 2 eval-
return comparison in raw (un-normalised) return units, organised here as one mosaic per substrate.
Within each panel the three offline-RL algorithms appear as paired markers: Benchmark 1 as a filled
circle (single-scenario training, evaluated on that same scenario) and Benchmark 2 as a filled square
(all-scenarios training, evaluated on that scenario). The marker is the mean across the seeds with data
and the error bar is the standard error of that mean. Reference lines mark the dataset’s mean episode
return (red dashed), its pgo “best-in-dataset” ceiling (green dashed), and the random-policy baseline
(grey dotted). Y-axes are in raw return units, scaled per-panel so within-scenario differences between
algorithms remain legible across scenarios with very different return magnitudes.
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Figure 12: Per-scenario Benchmark 1 vs Benchmark 2 raw eval returns — Coins. Each panel
shows one scenario in Coins; within each panel the three offline-RL algorithms appear as paired
markers — Benchmark 1 (filled circle, single-scenario training) and Benchmark 2 (filled square,
all-scenarios training, slightly transparent). Marker = mean across the seeds with data, error bar = SE.
Reference lines mark the dataset’s mean episode return (red dashed), pgo “best-in-dataset” ceiling
(green dashed), and the random-policy baseline (grey dotted). Y-axes are in raw return units (no
normalisation), scaled per-panel.
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Figure 13: Per-scenario Benchmark 1 vs Benchmark 2 raw eval returns — Coop Mining. Each
panel shows one scenario in Coop Mining; within each panel the three offline-RL algorithms appear
as paired markers — Benchmark 1 (filled circle, single-scenario training) and Benchmark 2 (filled
square, all-scenarios training, slightly transparent). Marker = mean across the seeds with data, error
bar = SE. Reference lines mark the dataset’s mean episode return (red dashed), pgg “best-in-dataset”
ceiling (green dashed), and the random-policy baseline (grey dotted). Y-axes are in raw return units
(no normalisation), scaled per-panel.
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Figure 14: Per-scenario Benchmark 1 vs Benchmark 2 raw eval returns — Clean Up. Each
panel shows one scenario in Clean Up; within each panel the three offline-RL algorithms appear
as paired markers — Benchmark 1 (filled circle, single-scenario training) and Benchmark 2 (filled
square, all-scenarios training, slightly transparent). Marker = mean across the seeds with data, error
bar = SE. Reference lines mark the dataset’s mean episode return (red dashed), pgg “best-in-dataset”
ceiling (green dashed), and the random-policy baseline (grey dotted). Y-axes are in raw return units
(no normalisation), scaled per-panel.
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Figure 15: Per-scenario Benchmark 1 vs Benchmark 2 raw eval returns — Commons Har-
vest. Each panel shows one scenario in Commons Harvest; within each panel the three offline-RL
algorithms appear as paired markers — Benchmark 1 (filled circle, single-scenario training) and
Benchmark 2 (filled square, all-scenarios training, slightly transparent). Marker = mean across the
seeds with data, error bar = SE. Reference lines mark the dataset’s mean episode return (red dashed),
Poo “‘best-in-dataset” ceiling (green dashed), and the random-policy baseline (grey dotted). Y-axes
are in raw return units (no normalisation), scaled per-panel.

23



40
®
30 . 15 ° ° e s B
e e e
Efm e 55 5] L] m @ 10 = =}
2920 ¢ = - ] g0 o--m g0
& H & 4,0 f ZH 5
e a oc oc o
8810 38 88 o
2 2510 2
2% 2% 2%
w w w -5
° o -10
1L BC BQ caL 1L BC BCQ caL 1L BC BCQ caL
(a) allelopathic_harvest__open_0 (b) allelopathic_harvest__open_1 (c) allelopathic_harvest__open_2
80 a0 = ®
m ¢ m L}
o 80 - - . ® s € [i] [}
Em @ 5% & o m Ega0 ]
B 60 o g0 B
&4 £ 440 & 450
oc oc oc
50 35 35
E] - 8.
as ° e B a2 52
w20 w w
o
o o
QL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cQL

(d) allelopathic_harvest__open_3

(e) allelopathic_harvest__open_4

(f) allelopathic_harvest__open_5

120 140 175
e 100 € 120 £_150 [
£~ - L] - =}
Fl S . g o 5 Hl =}
g 0 28100 & 8 53,
H ° @ H @ H
gg 60 = o = o] s 80 gg10 []
23 ° = 2% 6o 3% s
22 % 3 3 ° o U
& & 40 o m &7 so
20
20 25
° °
QL BC BCQ caL QL BC BCQ caQL QL BC BCQ caQL

(g) allelopathic_harvest__open_6

@
g

o
70 140 30 - ry E
£ w0 e = o m m £_120 ° £ e o
i i Ll o . m i 5] [}
2950 @ 100 gwn20
o« H o« H E &« H
80
25" 35 © ° 4 g5 10
8820 ° o m ) 22
as, a< as
w 0 w 40 w 0
10 20
QL BC BCQ cqL QL BC BCQ cqL QL BC BCQ cqL

(h) allelopathic_harvest__open_7

(i) allelopathic_harvest__open_8

(j) allelopathic_harvest__open_9

30 [ *u
£ s ® ﬁ
33 ,
ga
e« H
oc

10
23
oz
& o

o
-10
9L BC BCQ caL

(k) allelopathic_harvest__open_10

(1) allelopathic_harvest__open_11

(m) allelopathic_harvest__open_12

Figure 16: Per-scenario Benchmark 1 vs Benchmark 2 raw eval returns — Allelopathic Harvest.
Each panel shows one scenario in Allelopathic Harvest; within each panel the three offline-RL
algorithms appear as paired markers — Benchmark 1 (filled circle, single-scenario training) and
Benchmark 2 (filled square, all-scenarios training, slightly transparent). Marker = mean across the
seeds with data, error bar = SE. Reference lines mark the dataset’s mean episode return (red dashed),
Doo “best-in-dataset” ceiling (green dashed), and the random-policy baseline (grey dotted). Y-axes
are in raw return units (no normalisation), scaled per-panel.
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Figure 17: Split U1 (Clean Up) — per-scenario tier-3 eval returns. Each panel shows one scenario’s
final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference lines: dataset
mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline (grey dotted).
Y-axes are scaled per panel.

E Per-scenario Benchmark 3 eval returns by split

For each Benchmark 3 train/test split we report the per-scenario final-eval returns in raw (un-
normalised) return units, with one figure per split. Within each split’s figure, in-distribution (train)
scenarios are shown above the out-of-distribution (test) scenarios, so the in-/out-of-distribution
generalisation gap is visible at a glance. Each panel shows the offline-RL algorithms as filled circles,
where the marker is the mean across the seeds with data and the error bar is the standard error of that
mean. Reference lines mark the dataset’s mean episode return (red dashed), its pgg “best-in-dataset”
ceiling (green dashed), and the random-policy baseline (grey dotted). Y-axes are in raw return units,
scaled per-panel so within-scenario differences between algorithms remain legible across scenarios
with very different return magnitudes.
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Figure 18: Split U2 (Clean Up) — per-scenario tier-3 eval returns. Each panel shows one scenario’s
final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference lines: dataset
mean (red dashed), pgg best-in-dataset ceiling (green dashed), random-policy baseline (grey dotted).
Y-axes are scaled per panel.
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Figure 19: Split U3 (Clean Up) — per-scenario tier-3 eval returns. Each panel shows one scenario’s
final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference lines: dataset
mean (red dashed), pgg best-in-dataset ceiling (green dashed), random-policy baseline (grey dotted).
Y-axes are scaled per panel.
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Figure 20: Split C1 (Coins) — per-scenario tier-3 eval returns. Each panel shows one scenario’s
final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference lines: dataset
mean (red dashed), pgg best-in-dataset ceiling (green dashed), random-policy baseline (grey dotted).
Y-axes are scaled per panel.
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Figure 21: Split C2 (Coins) — per-scenario tier-3 eval returns. Each panel shows one scenario’s
final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference lines: dataset
mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline (grey dotted).
Y-axes are scaled per panel.
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Figure 22: Split C3 (Coins) — per-scenario tier-3 eval returns. Each panel shows one scenario’s
final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference lines: dataset
mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline (grey dotted).
Y-axes are scaled per panel.
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Figure 23: Split C4 (Coins) — per-scenario tier-3 eval returns. Each panel shows one scenario’s
final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference lines: dataset
mean (red dashed), pgg best-in-dataset ceiling (green dashed), random-policy baseline (grey dotted).
Y-axes are scaled per panel.
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Figure 24: Split M1 (Coop Mining) — per-scenario tier-3 eval returns. Each panel shows one
scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgy best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 25: Split M2 (Coop Mining) — per-scenario tier-3 eval returns. Each panel shows one
scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgy best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 26: Split M3 (Coop Mining) — per-scenario tier-3 eval returns. Each panel shows one
scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 27: Split H1 (Commons Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 28: Split H2 (Commons Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 29: Split H3 (Commons Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 30: Split H4 (Commons Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.

In-distribution (train) scenarios

5
S

w
s

®
3

N
S

Episode Return
(Mean * SE)
=
5

—ot

a
3

Episode Return
(Mean * SE)
5
s

N
S

@
3

Ll

(Mean * SE)
8

Episode Return
N
S

QL

(a) allelopathic_harvest__open_1

BC

BCQ

cQL

QL

(b) allelopathic_harvest__open_3

BC

BCQ

cQL

Episode Return
(Mean + SE)

Episode Return
(Mean = SE)
™

QL

(d) allelopathic_harvest__open_7

BC

BCQ

cqL

QL

(e) allelopathic_harvest__open_8

BC

BCQ

cqL

QL

BC

BCQ

cQL

(c) allelopathic_harvest__open_4

Out-of-distribution (test) scenarios

-
N
°

30 §

c e 30 ) [ ° e 100
- - e
3 w 3 w 3 w
Y20 il 20 il 80
e H ® e H e H
ec ® oc oc 60 & o
2810 ° 23 23
o= ® asio 25 40 e
&= &= &=

° ° 20

o
1L BC BEQ caL 1L BC BEQ caL 1L BC BCQ caL

(f) allelopathic_harvest__open_0 (g) allelopathic_harvest__open_5 (h) allelopathic_harvest__open_6

Figure 31: Split A1 (Allelopathic Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgg best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 32: Split A2 (Allelopathic Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 33: Split A3 (Allelopathic Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgo best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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Figure 34: Split A4 (Allelopathic Harvest) — per-scenario tier-3 eval returns. Each panel shows
one scenario’s final eval return per algorithm (marker = mean across seeds, error bar = SE). Reference
lines: dataset mean (red dashed), pgy best-in-dataset ceiling (green dashed), random-policy baseline
(grey dotted). Y-axes are scaled per panel.
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F Per-scenario background-agent return change

For each Evaluation 1 scenario we report the per-algorithm change in mean background-agent
episode return induced by the trained focal policy, relative to a uniform-random focal policy
(A = Rirained — Rrandom)- Background returns are read from the in-training eval summary
(eval/in_dist/<scen>/background_return_mean) of the matching tier-1 source run. Neg-
ative values indicate the focal policy hurt the background population (exploitation); positive values
indicate the focal policy helped them. Panels are grouped by substrate.

41



~-10 . - =
£z £z FEY fxv
H s H H
i i il N -
. 5 s -
L] S g1, o £f
88 s aL st S8 a0
S M Ge-m 4 a =3 { } e ] i
-60 [s] 30 -a0 -50 5]
QL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cqQL
@0 (b) 1 (©2 @3
o o
10
£z £z ET-10
2s ° 25-10 28
g2, ] 3]
EL EL FE e
g 1 -5 g | —20 g I
oo 8 ;|;
B g " B i +
- =] a
* -0 =
- QL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cQL
(e)4 5 (26

Figure 35: Coins — background-agent return change. For each scenario in Coins, one marker per
algorithm showing the change in mean background-agent episode return induced by the trained focal
policy, relative to a uniform-random focal policy (A = Rirained — Rrandom)- Background returns are
read from the in-training eval logs. Negative values indicate the focal policy hurt the background
population (exploitation); positive values indicate it helped them.
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Figure 36: Coop Mining — background-agent return change. For each scenario in Coop Mining,
one marker per algorithm showing the change in mean background-agent episode return induced
by the trained focal policy, relative to a uniform-random focal policy (A = Rirained — Rrandom)-
Background returns are read from the in-training eval logs. Negative values indicate the focal policy
hurt the background population (exploitation); positive values indicate it helped them.
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Figure 37: Clean Up — background-agent return change. For each scenario in Clean Up, one
marker per algorithm showing the change in mean background-agent episode return induced by
the trained focal policy, relative to a uniform-random focal policy (A = Ryirained — Rrandom)-
Background returns are read from the in-training eval logs. Negative values indicate the focal policy
hurt the background population (exploitation); positive values indicate it helped them.

g="1 E= E~ -25 £=-10
5E 5E -5 SE SE
sE, e £ ]
22 23 2% =0 . s
Ha 2E-10 BE s H:
i h H HIEY
g < 3 2
;g_s £ 8§ -12s 5] at
2 %5 . - B s
o =] = ] ] = -
oL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cQL
(a) CO (b) C1 (c)C2 (d)C3
- - P - = "10
fe” EE FE L.
gE gg-w g% - LD
2o 2o 2o 85700
ge g2 32 2250 u
if-s| m i L i o
L . H = 3 H
m L 30 a o) o] 22 70
QL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cQL QL BC BCQ cqQL
(e) 00 (f) 01 (g) PO (h) P1
£ E € E -10 I3 E -1 I3 E 2
5 5 5 5t -
Z0 &9 - £0-2 £
g2 - g% ) EE
2E -4 T30 22 22
H I R H
3% ] + 8i ., gE- g2 m
4] 4] i @ 5% L,
2k Bl o - & s & Ha - =
-70 u s [=] [} -10 i
QL BC BCQ cQL L BC BCQ cQL QL BC BCQ cQL QL BC BCQ cqQL
i) P2 G)P3 (k) P4 O P5

Figure 38: Commons Harvest — background-agent return change. For each scenario in Commons
Harvest, one marker per algorithm showing the change in mean background-agent episode return
induced by the trained focal policy, relative to a uniform-random focal policy (A = Rirained —
Riandom)- Background returns are read from the in-training eval logs. Negative values indicate the
focal policy hurt the background population (exploitation); positive values indicate it helped them.
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Figure 39: Allelopathic Harvest — background-agent return change. For each scenario in
Allelopathic Harvest, one marker per algorithm showing the change in mean background-agent
episode return induced by the trained focal policy, relative to a uniform-random focal policy (A =
Rirained — Rrandom)- Background returns are read from the in-training eval logs. Negative values
indicate the focal policy hurt the background population (exploitation); positive values indicate it

helped them.
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G Cross-substrate aggregate scores

Tablereports the full set of rliable headline estimators — Median, interquartile mean (IQM), mean,
and optimality gap — pooled across every (substrate, scenario, seed) sample for Evaluation Settings 1
and 2. The compact optimality-gap view in the main text (Table[T) is the last row of each block here.

Table 7: Cross-substrate aggregate scores — Evaluation 1 vs Evaluation 2. Median, interquartile
mean (IQM), mean, and optimality gap of the normalised final-eval return pooled across every
(substrate, scenario, seed) sample, with stratified-bootstrap 95% Cls in brackets (rliable). Higher is
better for the first three rows; optimality gap (].). Best per row in bold.

Metric IQL BC BCQ CQL
Evaluation Setting 1 (single-scenario)

Median 0.7510.73,0.77] 0.7210.68,0.73] 0.80[0.77, 0.83] 0.63 [0.60, 0.66]
IQM 0.7310.71,0.74] 0.69 [0.68,0.71] 0.80 [0.78, 0.82] 0.63 [0.62, 0.65]
Mean 0.78 [0.75,0.81] 0.66 [0.65, 0.67] 0.89 [0.86, 0.92] 0.58 [0.56, 0.59]

Optimality Gap 0.30 [0.28, 0.33] 0.35 [0.33,0.36] 0.26 [0.24, 0.27] 0.43 [0.42, 0.44]

Evaluation Setting 2 (multi-scenario, scenario label withheld)

Median 0.7210.71,0.74] 0.68 [0.65, 0.69] 0.73 [0.70, 0.78] 0.58 [0.52, 0.63]
IQM 0.730.72, 0.75] 0.66 [0.65, 0.67] 0.73 [0.71, 0.77] 0.57 [0.54, 0.58]
Mean 0.78 [0.77, 0.80] 0.66 [0.65, 0.68] 0.79 [0.75, 0.83] 0.55 [0.53, 0.56]

Optimality Gap 0.31[0.29, 0.32] 0.36 [0.35, 0.37] 0.29[0.27,0.31] 0.49 [0.48, 0.51]
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and describe the protocol, datasets, three evaluation
settings, and benchmarking of four offline RL algorithms; these are delivered in

and respectively.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: notes that poor Setting 2 performance can stem from offline-RL
pathologies as well as missing partner inference, and [section 7| discusses headroom against
the pgg ceiling and the architectural changes likely required to close it. The benchmark is
also restricted to five Melting Pot substrates with discrete actions and pixel observations,
which bounds the generality of the conclusions to real world partner inference.

. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The Bayes-optimality argument in[section 3|states the latent-context assump-
tion, defines the partner posterior (Eq.[3) and the Bayes-optimal Bellman equation (Eq. [4)),
and gives the derivation in full.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: describes dataset construction (independent PPO, N = 1000
trajectories of length 7" = 1000 uniformly across training time), specifies the
four benchmarked algorithms, recurrent (GRU) architecture, 20,000 gradient updates, and
three seeds per (scenario/substrate/split), and Appendix [A]lists the substrates, scenarios, and
Setting 3 splits. We will release code.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The Molten Pot datasets (approximately one terabyte of trajectory data across
the 47 scenarios) and benchmarking code will be released alongside the paper under a
permissive open-source license.

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: reports the algorithm set, recurrent (GRU) architecture, 20,000
gradient updates, three seeds, and the d4rl-style normalisation; the train/test splits for
Setting 3 are documented in Table[d] and additional hyperparameter detail accompanies the
released code.

7. Experiment statistical significance
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10.

11.

12.

13.

14.

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Aggregate plots in [section 5| use rliable’s stratified-bootstrap 95% confidence
intervals [2, [16], the optimality-gap table (Table [I) reports the same intervals, and per-
scenario figures in the appendix display standard error of the mean across three seeds.

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Dataset generation and benchmarking compute requirements are documented.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The work uses simulated multi-agent environments only, involves no human
subjects or personal data, and complies with the NeurIPS Code of Ethics.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: Molten Pot is an evaluation protocol and dataset for offline social RL on

simulated grid-world substrates; it has no direct deployment pathway and the foreseeable
impact is methodological (improved measurement of social robustness in offline RL).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The released artefacts are trajectory datasets from simulated grid-world sub-
strates and small offline-RL policy checkpoints; they pose no misuse risk requiring safe-
guards.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The substrates build on Melting Pot [[L, 25] (Apache 2.0) and we cite the
original substrate sources (Coins [26], Commons Harvest [34]); evaluation utilities use
MARL-eval/rliable [2, [16]; all licenses are respected and credited.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The Molten Pot datasets, splits, and evaluation harness are documented in
and Appendix [A] (substrate table, full per-scenario catalogue, and Setting 3 splits),
with per-scenario return histograms in Appendix [Bf a README accompanies the released
code.

Crowdsourcing and research with human subjects
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15.

16.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: The paper does not involve crowdsourcing or research with human subjects.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: The paper does not involve research with human subjects, so IRB approval is
not applicable.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: LLMs are not involved; the benchmarked algorithms (BC, BCQ, IQL, CQL)
and the evaluation protocol do not involve LLMs.
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