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TradeCraft: Exploring Theory of Mind in LLM Agents’ Strategic
Decision-Making and Communication

Abstract
Theory of Mind (ToM) is often claimed to emerge
in large language models, yet it remains unclear
whether LLM-based agents implicitly rely on
ToM during concrete decision-making rather than
explicit verbal reasoning. We study this ques-
tion in a multi-agent game environment designed
to elicit strategic interaction and goal inference.
We introduce a turn-based multi-player trade-
and-craft game with publicly observable inven-
tories and private crafting goals, where players
trade items and synthesize new ones according
to Minecraft-inspired rules until any target item
is crafted. To probe agents’ mental state reason-
ing, we augment decision processes with explicit
Theory of Mind structures of varying orders: re-
porting their own estimation and the estimation
of the opponent’s estimation, etc. These reported
beliefs are evaluated against opponents’ actual
beliefs, allowing us to assess the accuracy of in-
ferred psychological values alongside behavioral
outcomes under default settings. Across GPT-4o,
o3, o4-mini, and GPT-5, we find that agents’ be-
havior and belief expressions are systematically
influenced by explicit ToM scaffolding. Notably,
increasing ToM order yields two qualitatively op-
posite trends across models, revealing heteroge-
neous effects of higher-order mental state reason-
ing in LLM agents

1. Introduction
Human intelligence is marked by its strength in reasoning,
planning, and social cognition. Recent advances show that
large language models (LLMs) have begun to approach,
and in some cases surpass, human-level performance in
these domains when evaluated separately. For multi-step
reasoning and planning, benchmarks in mathematics (Cobbe
et al., 2021; Sun et al., 2025) and interactive task-planning
(Xie et al., 2024; Zhou et al., 2023) are widely used, while
general techniques (Wei et al., 2022; Yao et al., 2023a;b),
and special methods (Wang et al., 2023; Han et al., 2024),
have proven effective in enhancing performance. In terms of
social intelligence, (Strachan et al., 2024) reports that GPT-4

exceeds human performance on a variety of Theory of Mind
(ToM) tasks, and (Street et al., 2024) provides evidence that
LLMs can master higher-order ToM tasks in human-level
performance.

Despite these promising results, limitations remain. Real-
world applications rarely demand a single, isolated ability;
instead, they require a dynamic combination of reasoning,
planning, and social intelligence. For instance, (Wang et al.,
2024) shows that models excelling in individual subtasks
of ToM may underperform when required to solve the full
integrated task in logical / geometric contexts. This sug-
gests that ToM competence measured in direct question-
answering settings may be insufficient: what ultimately
matters is whether an agent’s ToM inferences are actually
used to guide decisions.

This motivates our core question: in a complex social-
communicative environment, do LLM agents leverage ToM
to make better proposals and accept/reject decisions, and
if so, how is ToM incorporated into their decision poli-
cies? Answering this requires a suitable interactive setting
in which ToM-relevant beliefs and actions co-evolve over
time.

To better capture these complexities, recent work has
turned to richer evaluation environments such as Diplo-
macy (Bakhtin et al., 2023), MineDojo (Fan et al., 2022),
CivRealm (Qi et al., 2024), and MSCoRe (Lei et al., 2025).
However, these settings face trade-offs: some are overly
simplified with static cooperation or competition, while oth-
ers (e.g., CivRealm (Qi et al., 2024)) are so complex that
the behavioral signals of LLMs become too unstructured
to reliably extract and evaluate. Indeed, researchers have
noted a persistent gap: there is “a lack of multi-agent bench-
marks for open-world environments” (Allen et al., 2024)
that would allow diverse, realistic social interactions to un-
fold.

With the purpose of balancing the trade-off between com-
plexity and diversity of LLM-Agent’s evaluation, we intro-
duce TradeCraft, a new multi-agent benchmark environment
designed to probe high-order Theory of Mind, social rea-
soning, and strategic planning in both AI and human agents.
Unlike existing platforms, TradeCraft offers an open-ended
social sandbox where heterogeneous agents must negoti-
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ate, trade, and craft to pursue their goals. At its core is a
general-purpose compositional crafting system, inspired by
open-world games (cf. Minecraft (Fan et al., 2022), Little
Alchemy 2 (Brändle et al., 2023)), which supports complex
dependency structures and long-horizon objectives.

A distinctive feature of TradeCraft is its rule variability:
both goals and mechanics can be randomized or customized
across matches. This prevents rote memorization, provides
a direct measure of adaptability and learning efficiency and
enables a full control of task complexity. Social interaction
is equally central because no single agent can succeed alone,
agents must plan strategically, cooperate or compete, and en-
gage in trade-based exchanges. Trading naturally gives rise
to rich behaviors such as negotiation, trust building, decep-
tion, and higher-order belief modeling, offering a principled
testbed for social reasoning.

By supporting both AI and human participants, TradeCraft
enables human-in-the-loop evaluation and comparative stud-
ies of social intelligence. Through its combination of coop-
eration, competition, crafting, economic exchange, and con-
figurable scenarios, TradeCraft establishes a unified bench-
mark that fills a long-standing gap in the study of adaptive
multi-agent intelligence, providing an excellent testbed for
studying ToM in social-communicative settings.

In summary, our contributions are as follows.

(1) A lightweight social game for probing ToM in deci-
sions. We propose TradeCraft, a lightweight multi-agent
trade-and-craft game that combines cooperation and com-
petition in a controlled, interpretable setting. It is designed
to probe whether (and how) LLM agents leverage Theory
of Mind in concrete decision-making rather than only in
explicit verbal reasoning.

(2) A quantitative ToM measurement protocol. Building
on TradeCraft, we introduce an evaluation methodology that
elicits structured ToM traces (zero-/first-/second-order) as
item-wise value functions, enabling direct quantitative anal-
yses of belief accuracy and their relationship to downstream
behavior.

(3) Empirical findings on model differences and ToM ef-
fects. Using OpenAI models in self-play, we find (i) a sharp
shift in trading strategy patterns across model generations,
and (ii) systematic effects of explicit ToM elicitation on both
proposal behavior and accept/reject decisions, revealing that
higher-order ToM can be incorporated into decision policies
in qualitatively different ways across models.

2. Related Work
2.1. Theory of Mind and Strategic Social Reasoning

Theory of Mind (ToM)—the ability to infer others’ beliefs,
intentions, and desires—is a cornerstone of social intel-
ligence. Classic models formalize ToM via Bayesian in-
ference (Baker et al., 2011) or recursive belief modeling
in I-POMDPs (Gmytrasiewicz & Doshi, 2005). More re-
cent approaches like ToMnet (Rabinowitz et al., 2018) use
meta-learning to predict agent behavior from limited ob-
servations. These methods demonstrate success in simple
gridworlds but remain limited in generalizability. In multi-
agent reinforcement learning, ToM-inspired models have
improved coordination and competition via policy modeling
(He et al., 2016; Raileanu et al., 2018). SymmToM (Sclar
et al., 2022) further explores this in a communication-rich
environment, yet still falls short of oracle performance. As
agents acquire ToM, complex behaviors such as deception
and strategic communication emerge. TradeCraft builds on
this foundation by embedding high-order ToM reasoning
into a compositional, dynamic benchmark that explicitly
tests belief modeling, negotiation, and strategic planning in
cooperative-competitive contexts.

2.2. Benchmarks for Social Intelligence and
Mixed-Motive Interaction

Benchmarks like Hanabi (Bard et al., 2020), Diplomacy
(Bakhtin et al., 2022), and Melting Pot (Leibo et al., 2021)
evaluate agents’ abilities in belief inference, negotiation,
and social generalization. Others, such as Overcooked-AI
(Carroll et al., 2019), highlight challenges in human-AI col-
laboration and ad-hoc teamwork. Hide-and-Seek (Baker
et al., 2019) reveals emergent strategies from self-play in
competitive settings. However, most existing environments
target isolated facets (e.g., implicit communication, collabo-
ration) and assume static rules. In contrast, TradeCraft intro-
duces a unified, grounded environment where agents must
engage in long-horizon planning, resource management, and
flexible social strategies under dynamic rule changes. Its
hybrid-motive design (collaboration + bartering + competi-
tion) supports the emergence of context-sensitive coopera-
tion and deception, offering a more comprehensive testbed
for evaluating strategic social intelligence.

2.3. LLMs for Multi-Agent Reasoning and Human-AI
Interaction

Large language models (LLMs) have shown promise in so-
cial reasoning tasks. Generative Agents (Park et al., 2023)
simulate social behaviors through LLMs enhanced with
memory and reflection. ProAgent (Zhang et al., 2024) and
Hypothetical Minds (Wu et al., 2024) integrate modular
ToM reasoning with LLM planners, achieving strong perfor-
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mance on Melting Pot tasks. Meanwhile, Cicero (Bakhtin
et al., 2022) combines LLM dialogue with planning to play
Diplomacy at human level. Despite these advances, current
evaluations focus on simulated text environments or fixed
games. TradeCraft offers a grounded alternative: it evalu-
ates LLMs in embodied multi-agent scenarios with real-time
interaction, compositional objectives, and rule variability.
Crucially, it supports human-AI interaction, enabling re-
search into ad-hoc collaboration and ToM reasoning against
humans—an underexplored frontier in LLM-based multi-
agent learning.

3. Method
3.1. The TradeCraft Environment

3.1.1. THE GAME DESIGN

TradeCraft is a turn-based multiplayer online game designed
as a testbed for long-term strategic social reasoning and
planning, supporting both human and LLM agents. In
each game session, players maintain a collection of items
through bartering with other participants and crafting based
on predefined formulas. Example crafting formulas are il-
lustrated in Figure. 1. The system currently incorporates
item sets and rule systems from Minecraft Java-v1.20 and
LittleAlchemy2, while allowing straightforward modifica-
tion, replacement, or extension of game rules and items (see
Section A). Each game involves two or more players, each
possessing a hand of items (with multiplicity) and being
assigned a private target item to craft. While all players’
hands are fully visible to all participants, each player’s target
item remains private. The objective for each player is to be
the first to craft their designated target item. Since initial
hands are typically insufficient for direct target item crafting,
players must acquire necessary components through trading
with other players.

The game runs in turns, each turn consists of two phases: the
trade phase and the craft phase, see Figure. 1. In the trade
phase, one player (called the proposer of this turn) chooses
another player and makes a proposal for trading, together
with a text message; the chosen player decides to accept
or to reject the proposal. If a proposal is accepted, then
the hands of the two trading players change accordingly. If
rejected, the proposal will be invisible to any other players.
After one trial of the one-on-one trading, the trade phase
ends. The proposer rotates to the next player at the end of
the turn. The players act as the proposer in a fixed order.
The craft phase follows the trade phase, where each player
starts to craft items at the same time. It is possible to craft
several times in a single craft phase until they choose to
finish crafting. The hand changes will not be revealed to
others until all players are done with crafts, and during
the craft phase, items can be used in a number of rational

numbers (fractions), and at the end of the craft phase, all
non-integer amounts are rounded down.

The Server. The server hosts all the game state and dy-
namics, manages the login users and game. multiple games
with different player amounts or rules can be hosted on a sin-
gle server. Server is written in Python with package flask,
MongoDB database are used to save game state and logs.

Web-GUI The web-based GUI integrates all game func-
tions together with built-in assistance and crafting support,
human users can reach through web-browsers (see Appendix
Figure. 7.)

Lang-API The language-based API mirrors the function-
ality of the Web-GUI in text modal, designed to com-
ply with gymnasium for agent integration. Observations
are provided in language, and actions are executed via
langchain tools. There is a set of standard tools pro-
vided together with the environment which might help both
AI and human players craft their final target.

In gymnasium, a “observation-action” loop is maintained.
In each cycle, an agent reads observations and chooses an
action with arguments. In the API, observations are pro-
vided in text format. Conducted by game-dynamics module,
language interpreter module translates system messages into
text generates the observations, both modules are highly ex-
tensible and customizable. Observations contain all the facts
that web-GUI contains. Actions are accepting an argument
dictionary. The end-of-phase action affects the game state,
containing submit proposal, submit decision, finish crafting,
etc., while within-phase tools are for querying information,
such as item info, possible crafts from hands, etc.

3.1.2. INITIAL GAME STATES

A task instance specifies the initial hands (inventories) and
private targets of all players. Since all target items must be
craftable from the union of all players’ initial hands, task
instances that are not carefully designed tend to be invalid or
trivial. For the Minecraft ruleset, we provide 40 predefined
task instances for the 1-vs-1 game mode, covering a range
of difficulty levels (Figure 2). The instances can be easily
maintained by editing JSON files, and new game modes
can be introduced by adding corresponding directories and
adjusting configuration settings (see Section A). The diffi-
culty of a task instance is assessed along two dimensions:
the length of the crafting chain and the minimum number
of trading steps required. In designing these instances, we
follow the principle that the union of all players’ initial
items must suffice to craft each player’s target individually;
however, it is not guaranteed that all targets can be crafted
simultaneously (for instance, the total pool may contain
only 3 stones, while two players each require 2 stones). To
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Trade Craft

TradeCraft 

Steve’s Mind: I need only one        , 
but I must hide my real target and 
claim another crafting route. I can 
request        for safety concern. Alex 
may agree if it is not really 
necessary for his target. 

×𝟏

×𝟏

Steve
Has

Want

×𝟏

×𝟏 →	 ×𝟒	

×𝟐 →	 ×𝟒	

I achieve my 
target!

Steve Crafts:

×𝟏 +	 ×𝟐 →	 ×𝟏	

×𝟏 →	 ×𝟐	

×𝟏 +	 ×𝟐 +	 ×𝟐 →	 ×𝟏	

Have

×𝟏 Want

Makeena
Has

×𝟑

×𝟏

×𝟏

Alex Has

×𝟏 Want

×𝟏

×𝟏

×𝟏

Want×𝟏

×𝟑

×𝟐

Makeena
Has

×𝟏

×𝟑

Steve
Has

Want

Alex Has

×𝟏 Want

×𝟏

×𝟏

×𝟏

Makeena’s Mind: Steve’s target is 
iron sword. He is sincere as he offers 
three       . I need one for my target. 
His offer is not trap-like, as he is still 
defending me.  And I need his offer 
of        and       next round.

Steve’s Mind: Equivalently, a 
equals two       and four      , and        
      can be used as fuel! Nobody 
know that         is my real intention. 
I need nothing more and I am 
WINNING this turn!

Makeena Crafts:
×𝟏 +	 ×𝟏/𝟖 →	 ×𝟏	

×𝟏 +	 ×𝟏/𝟖 →	 ×𝟏	

×𝟏 +	 ×𝟏/𝟖 →	 ×𝟏	

Makeena’s Mind: I will offer Steve 
the two         for his sword, but he 
must pay        and      for iron! As he 
claims so, I guess he will have them 
in his hand next turn, then we will 
both have our targets crafted!

Turn (N)

Steve Alex Makeena
Steve Alex Makeena

From: Steve
To: Makeena (Invisible to Alex)
Offer:          ×𝟑
Request:       ×𝟏 +	 ×𝟏
Message: Hi Alex, please help me smelt the       . I need them for       
. I must keep your        and       for 1 turn in case your target is       
or        . I will offer you        and      later.

From: Makeena
To: Steve
Message: I accept!

Figure 1. TradeCraft involves social interaction, deep reasoning, long-term planning, and fine-grained control. Players engage in social
negotiation and trading, and then synthesize target items through long-term planning and precise control. Success requires higher-order
Theory of Mind: reasoning about others’ intentions, inventory states, and synthesis strategies in goal-directed contexts.

Figure 2. Supported inventories.

promote strategic competition and planning, initial hands
are not set to the exact amounts needed to craft all targets.
Redundant items can introduce alternative crafting routes or
serve as distractors for deception. In later discussions, we
use the first half of the full inventories in our experiments.

3.2. Game Implementation and Interfaces

The TradeCraft implementation consists of a server and two
types of user-interfaces.

3.3. Defining Elicited ToM Reports in TradeCraft

We operationalize ToM in TradeCraft as value modeling
over items, and we focus on ToM up to second order. In
our setting, an agent’s ToM is instantiated by a set of item-
wise utility scores that reflect (i) its own goal-directed needs,
(ii) its beliefs about the opponent’s needs, and (iii) its beliefs
about how the opponent perceives its needs.

ToM orders. We define three ToM orders: zero-order
ToM (self) captures the agent’s beliefs about item utility for
its own secret target; first-order ToM (other) captures the
agent’s beliefs about item utility for the opponent’s secret
target; and second-order ToM (other about self) captures
the agent’s beliefs about how the opponent values the agent’s
items (i.e., the opponent’s beliefs about the agent’s target).

Item-wise value function. At the beginning of each turn
(in the proposal stage), regardless of whether the agent is
the proposer or the decision maker, we require it to assign
an item-wise utility score on a 0–10 scale, where 0 indicates
useless and 10 indicates critical for the secret target(Figure
3 shows a demo) . We define these values only over items
currently present in all players’ publicly observable inven-
tories (hands). Let V0, V1, and V2 denote the zero-/first-
/second-order ToM value dictionaries, respectively.

Concretely, the agent outputs:
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Figure 3. Pipeline of the TradeCraft game (left) and our elicited ToM report design (right). Each turn consists of a trade phase (proposal +
accept/reject) followed by a simultaneous craft phase. To operationalize ToM in decision making, we elicit structured ToM reports at each
proposal/decision stage: the agent reports item-wise utility scores on a 0–10 scale over all players’ publicly observable inventories (hands).
These reports form V0 (zero-order: the agent’s goal-conditioned values), V1 (first-order: the agent’s estimate of the opponent’s V0), and
V2 (second-order: the agent’s estimate of the opponent’s estimate of the agent’s V0). Importantly, we do not instruct the agent how to use
these reports; they serve as a measurement interface for analyzing whether and how ToM information is implicitly incorporated into trade
proposals and accept/reject decisions.

• V0: a dictionary mapping each item in all players’
publicly observable inventories (hands) to its estimated
utility for achieving its target;

• V1: a dictionary mapping each item in all players’
publicly observable inventories (hands) to its estimated
utility for achieving the opponent’s target (based on
the agent’s current hypothesis of that target);

• V2: a dictionary mapping each item in all players’
publicly observable inventories (hands) to the utility
that the agent believes the opponent believes the agent
assigns to it (i.e., the opponent’s estimate of the agent’s
V0).

We treat V0 as the observable trace of zero-order ToM, V1 as
the agent’s estimate of the opponent’s V0(first-order ToM),
and V2 as the agent’s estimate of the opponent’s estimate of
the agent’s V0(second-order ToM).

During gameplay, we elicit ToM reports by prompting the
agent to output V0–V2 at each proposal/decision stage. This
design enables quantitative ToM evaluation by comparing
these elicited reports against ground-truth information avail-
able in the logs (e.g., the opponent’s subsequent revealed
valuations or targets in controlled settings). Moreover, the
elicited ToM reports provide features for analyzing down-
stream decisions (trades), allowing us to study how higher-
order belief modeling shapes strategic behavior.

4. Experiment
In this section, we describe the evaluated agents and our
experimental protocol. Each agent maintains a dialogue-

context memory across turns and can invoke two envi-
ronment tools: item info, which retrieves item metadata
and required ingredients, and possible recipes from hands,
which enumerates all craftable items given the current in-
ventory.

We evaluate four models using self-play (e.g., GPT-4o vs.
GPT-4o; o3 vs. o3) on the first half of all our task in-
stances(20/40). To isolate the effect of eliciting different
ToM report orders, we fix the opponent to be a same-model
baseline agent that only produces zero-order ToM reports
(i.e., it outputs V0 only).

For each model, we run three ToM configurations against
the zero-order baseline: V0 vs. V0, (V0, V1) vs. V0, and
(V0, V1, V2) vs. V0. For clarity, we refer to these agents as
the V0 group (outputs V0 only), the V1 group (outputs V0

and V1, i.e., zero- and first-order ToM), and the V2 group
(outputs V0, V1, and V2, i.e., up to second-order ToM). Each
configuration is evaluated once on each of the 20 task in-
stances. Importantly, our prompts do not provide any
additional instruction on how these elicited ToM reports
should be used for proposing trades or making decisions;
thus, any reliance on ToM in the agent’s policy is implicit
and must arise spontaneously (i.e., without-instruction).
We log the per-turn ToM outputs, the trade proposals, and
the decision outcomes (accept/reject) for subsequent behav-
ioral analyses.

Our design enables quantitative evaluation of ToM accuracy.
As an example metric, we compute the KL divergence be-
tween a model’s predicted opponent valuation V1 and the
opponent’s reported V0. As shown in Figure 4, we compute
and plot the KL divergence between an agent’s first-order
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ToM estimate of the opponent (i.e., its predicted valuation
V1) and the opponent’s reported zero-order valuation (V0).
Lower KL indicates that the agent’s belief about the oppo-
nent’s item values is more consistent with the opponent’s
own self-assessment.

Overall, weaker models (e.g., GPT-4o) exhibit substantially
larger KL divergence, suggesting systematic difficulty in
forming accurate beliefs about the opponent’s goals and
item utilities. In contrast, stronger models achieve lower
KL overall, with GPT-5 performing best; we also observe
a decreasing-KL trend over turns, indicating that models
can refine their opponent belief estimates from interaction
history. The V2 group tends to show slightly improved first-
order accuracy compared to the V1 group, suggesting that
eliciting second-order ToM reports can indirectly regularize
or sharpen first-order belief formation.

Figure 4. KL divergence of between players’ first-order ToM and
their opponents’ zero-order ToM

4.1. The shift of value distribution in proposal

In this section, we study how eliciting ToM reports affects
proposal behavior. For each of the four models and each
ToM configuration (zero-/first-/second-order), we collect
the set of trade proposals and compute the self-assessed
values of the proposed items using the agent’s reported V0.

Specifically, for each proposal we compute the total V0 value
of the requested items and the total V0 value of the offered
items, and visualize them in a scatter plot with coordinates
(request, offer). We then compute the Pearson correlation
r between request and offer values to quantify whether the
agent tends to balance what it asks for against what it gives.

To further characterize the trading pattern, we fit a linear
regression line on the scatter plot. The fitted slope m can
be interpreted as an exchange-rate proxy (offer/request):
m ≈ 1 indicates roughly fair trades, m < 1 indicates more
aggresive amd selfish offers, and m > 1 indicates more
concessive proposal.

Figure 5 summarizes the fitted slopes across models and
ToM orders. We observe two qualitatively different trends.
For earlier models (e.g., GPT-4o and o3), increasing ToM or-

der is associated with decreasing correlation r and a smaller
slope m, suggesting weaker coupling between offered and
requested values and a trend toward more greedy behavior.
In contrast, starting from o4-mini, we observe a sharp shift:
o4 and GPT-5 (reasoning effort = Medium) show higher
offer–request correlation and a larger slope as ToM order
increases, indicating that eliciting higher-order ToM reports
is more consistently translated into fairer, value-aligned
proposals.

4.2. Decision-ToM Utility Fitting

We model the decision maker’s accept/reject behavior by
fitting a simple utility-based classifier to the observed de-
cisions. The key idea is to treat the decision maker’s own
ToM-valued item utilities (at chosen ToM orders) as features
of a proposal.

Consider a single proposal presented to a decision maker.
Let I recv and Igive denote the multisets of items the deci-
sion maker would receive and give. For each item i in the
proposal, we take the decision maker’s reported ToM value
at the corresponding orders as its utility. We denote these
per-item utilities by v

(k)
i for k ∈ {0, 1, 2}, corresponding to

the decision maker’s explicitly reported ToM order.

We then aggregate item-wise utilities into two scalars for
each order:

Gk =
∑

i∈Irecv

v
(k)
i , Lk =

∑
i∈Igive

v
(k)
i , k ∈ {0, 1, 2}.

Intuitively, Gk measures the perceived gain and Lk mea-
sures the perceived loss under ToM order k. We define a
scalar utility for a proposal and progressively incorporate
higher-order ToM terms:

U (0) = G0 − ρL0, (1)

U (0,1) = U (0) + w1

(
G1 − γ L1

)
, (2)

U (0,1,2) = U (0,1) + w2

(
G2 − κL2

)
. (3)

Logistic regression for accept/reject. We fit a logistic
regression model to predict whether the decision maker
accepts the proposal (y=1) or rejects it (y=0) using a single
feature U :

P (y=1 | U) = σ(β Ũ + b),

where Ũ is the standardized utility and σ is the sigmoid
function.

We using LBFGS optimizer together with a grid
search method to determine the utility parameters (e.g.,
ρ, γ, κ, w,w1, w2), validate the regression model with
episode-wise three-fold cross-validation and report macro-
F1. Table 1 summarizes the macro-F1 scores under zero-
/first-/second-order settings.
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Figure 5. Strategic consistency map (m-r space) with 90% bootstrap CI (B=2000). Each point is a (model, order) regression summary;
arrows connect orders. CIs are computed by episode(question)-level bootstrap (folded by Episode), i.e., resampling episode rather than
individual proposals

Table 1. Macro-F1 of our utility-fitting model across ToM orders.
Values are mean ± standard deviation over episode-wise 3-fold
cross-validation splits.

Model Zero-order First-order Second-order

GPT-4o 0.77± 0.28 0.94± 0.09 1.00± 0.00
o3 0.80± 0.19 1.00± 0.00 1.00± 0.00
o4 0.74± 0.18 0.80± 0.09 0.83± 0.04
GPT-5 (medium) 0.74± 0.24 0.92± 0.06 0.85± 0.11

Based on the logistic-regression fitting results, the utility
model built from ToM-derived values provides a strong ap-
proximation of LLM decision-making in TradeCraft. In
particular, the macro-F1 scores in Table 1 are consistently
high (all above 0.74), and the accept/reject behavior be-
comes especially predictable once agents are prompted to
output beyond zero-order ToM.

Since this simple model fits well, analyzing its learned coef-
ficients is informative. Figure6 visualizes the fitted coeffi-
cients for agents prompted to output different ToM orders, e
report the effective weights of each gain/loss component.

As shown in Figure 6, positive coefficients indicate prefer-
ence for the corresponding terms, while negative coefficients
indicate aversion. This visualization enables a direct com-
parison of how different models weigh gains and losses
under different ToM orders.

We observe that when agents only expose zero-order ToM,
decisions are largely driven by gains: the weight on G0 is
typically dominant. At the same time, as models become
more capable (from top to bottom in the figure), they exhibit
increasingly strong loss aversion, assigning more negative
weight to L0.

When agents are prompted to output first-order ToM, G0

remains a primary driver and most models still show loss
aversion. However, models differ in how they leverage first-
order signals. GPT-4o and o4-mini assign positive weights
to the first-order terms and typically place larger magnitude

Table 2. Semantics of gain/loss features used in utility fitting. All
values are from the decision maker’s ToM reports at the corre-
sponding order.

Feature Meaning

G0 Value (to the decision maker) of the items the
decision maker would receive if the proposal is
accepted.

L0 Value (to the decision maker) of the items the
decision maker would give if the proposal is
accepted.

G1 Value (to the decision maker’s estimate of the
opponent) of the items the decision maker would
receive.

L1 Value (to the decision maker’s estimate of the
opponent) of the items the decision maker would
give.

G2 Value (to the decision maker’s estimate of the
opponent’s estimate of the decision maker) of
the items the decision maker would receive.

L2 Value (to the decision maker’s estimate of the
opponent’s estimate of the decision maker) of
the items the decision maker would give.

on G1 than on L1, indicating a tendency to prioritize obtain-
ing items that are predicted to be valuable to the opponent.
In contrast, o3 and GPT-5 exhibit a more cooperative pat-
tern: proposals that improve the opponent’s predicted utility
can become easier to accept, and large opponent-relevant
gains may be penalized less aggressively.

When agents are prompted to output second-order ToM,
we observe an additional, qualitatively different signal in
the fitted coefficients. Across all models, G2 is rewarded
and L2 is penalized, suggesting a consistent preference for
proposals that make the agent appear to be gaining in the
opponent’s eyes, and an aversion to proposals that (the agent
believes) make it appear to be losing.

Interestingly, weaker models such as GPT-4o can over-
weight this “image” term: the coefficient on G2 becomes
unusually large, and the model may even assign a negative
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Figure 6. Normalized coefficients c of logistic-regression models.

weight to the self-gain term G0. This pattern indicates that
the model’s accept/reject behavior can be driven more by
perceived reputation management than by its own directly-
valued utility.

We also find that introducing second-order ToM can change
how some models treat first-order loss terms. Compared to
the first-order setting, o4 and GPT-5 become less willing to
accept proposals in which the opponent obtains items that
are predicted to be valuable to them (i.e., a more negative
weight on L1). One interpretation is that second-order ToM
introduces an explicit strategic layer: the agent not only
reasons about what the opponent values, but also considers
how the trade reshapes the opponent’s beliefs and future
bargaining position. As a result, these models become more
cautious about empowering the opponent with high-value
resources, even when the immediate trade might appear
acceptable under self-valued utility alone.

5. Discussion
Our results suggest that elicited ToM reports can serve
as a useful “measurement lens” on LLM-agent behavior:
the same base policy can exhibit systematically different
trading patterns depending on whether and how ToM re-
ports are made salient. In proposal behavior, we observe
that models differ qualitatively in how they map ToM sig-
nals to exchange behavior, with a sharp strategy transition
across model generations. In decision making, the utility-
fitting analysis shows that accept/reject choices can be
well-approximated by a low-dimensional utility model con-
structed from ToM-valued gain/loss terms, and that higher-
order ToM features can substantially increase predictability
for several models.

These findings highlight two broader implications. First,
“having” ToM (being able to report plausible beliefs) and
“using” ToM (deploying those beliefs to guide action) are
separable: earlier models may express ToM-like values

yet fail to translate them into coherent trading strategies,
while stronger models appear to integrate ToM signals more
consistently. Second, higher-order ToM can introduce a
strategic layer beyond immediate self-utility, potentially
reflecting sensitivity to reputation, bargaining position, and
the future informational consequences of trades.

6. Limitation and Further Steps
Our study focuses on a lightweight game and on ToM up to
second order. We use prompt-based elicitation rather than
fully learned belief modules, and we primarily evaluate self-
play, which may not capture all dynamics present in human–
AI interaction. Future work can expand task diversity (more
players, alternative rule sets, richer communication), stress-
test generalization under distribution shifts, and connect
ToM traces to longer-horizon outcomes such as winning
probability and exploitability.

7. Conclusion
We introduced TradeCraft, a lightweight social trade-and-
craft environment for probing whether and how LLM agents
leverage ToM in concrete decision-making. By eliciting
structured zero-/first-/second-order ToM reports as item-
wise value functions, we developed a quantitative method-
ology to evaluate belief accuracy and to relate beliefs to
proposal and decision behavior. Across OpenAI models, we
observe a sharp strategy shift across generations and sys-
tematic effects of ToM elicitation on both trading proposals
and accept/reject decisions, providing evidence that the role
of ToM in decision-making is model-dependent and can
change qualitatively with scaling and training.
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A. TradeCraft Game
We construct a configurable multi-player environment in which agents collaborate or compete to achieve item synthesis
objectives through trading and crafting. The environment is designed to support multiple synthesis rule systems, most
notably those derived from Minecraft and Little Alchemy 2, enabling researchers to investigate agent behavior under varying
levels of combinatorial complexity, structural constraints, and long-horizon planning demands. This multi-rule setting allows
for a systematic analysis of agent capabilities. The Minecraft-inspired configuration employs grid-based crafting logic with
explicit recipe tables and strict input requirements. Each crafting operation requires precise item combinations and, in many
cases, auxiliary fuel resources (e.g., coal for smelting). This setup emphasizes local planning, resource management, and
deterministic action validation.

In contrast, the Little Alchemy 2-based system features a significantly more permissive and exploratory synthesis mechanism.
Items can be combined in various orders and through long synthesis chains, with minimal structural constraints. This
configuration emphasizes long-horizon reasoning, abstraction, and adaptability to open-ended composition paths.

Beyond crafting, the environment incorporates a structured trading phase, wherein agents may exchange items based on
their beliefs, needs, or inferred goals. This component enables the evaluation of social reasoning, such as goal inference,
negotiation strategies, and basic forms of theory of mind. Agents must not only plan for item synthesis but also engage in
cooperative behavior, anticipate their partner’s intentions, and adapt their strategy accordingly.

The environment supports seamless switching between rule systems and allows for custom rule definitions, thereby
functioning as a general platform for evaluating both synthesis-centric reasoning and socially situated decision-making in
multi-agent scenarios.

Each turn consists of a sequence of structured phases, involving trade negotiation, decision-making, and item synthesis. The
overall process is as follows:

Initialization.At the beginning of the game, each agent is assigned an initial inventory of items. These items are drawn
from a predefined item pool governed by the selected rule system (e.g., Minecraft-style or Little Alchemy 2-style rules).
Initialization occurs only once, before the first turn.

Proposal Phase.In each turn, one agent is designated as the proposer and enters the proposal phase. The proposer constructs
a trade proposal consisting of:a set of items to offer, a set of items to request, and an optional message conveying intent or
context.

Decision Phase.The target agent receives the proposal and evaluates it based on the content of the proposal message, the
current items, and its goals. The agent makes a binary decision to either accept or reject the proposal. If accepted, the
proposed trade is executed, and both agents’ inventories are updated accordingly. If rejected, no exchange occurs.

Craft Phase: After the decision phase, both agents independently attempt to synthesize new items using their current
inventories. Crafting actions are validated against the active rule system using the tools. Only combinations that satisfy the
system-defined synthesis constraints are permitted. After all crafting operations are complete, the resulting item quantities
are floored to the nearest integer.

Once the crafting phase concludes, the environment transitions to the next turn, and a new agent is selected to initiate the
proposal phase. The game continues for a predefined number of turns or until specific task objectives are achieved.

A.1. Format of a Crafting Formula

We follow strictly the Minecraft-Java-1.20 crafting recipe settings. Common crafting recipeslooks like:
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Figure 7. Crafting and trading interface designed based on Minecraft rules. The system restores the original fuel mechanism and
incorporates a strict validation process to ensure the correctness of item synthesis. At the end of the crafting phase, the quantities of all
items are rounded down to the nearest integer.

Shapeless items: wooden button.json

{
"type": "minecraft:crafting_shapeless",
"category": "redstone",
"group": "wooden_button",
"ingredients": [

{
"item": "minecraft:jungle_planks"

}
],
"result": {

"item": "minecraft:jungle_button"
}

}
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Figure 8. Interface designed based on the rules of Little Alchemy 2. Compared to Minecraft, this environment features more flexible
crafting paths and significantly longer synthesis chains, posing greater challenges for agents in terms of long-term planning and situational
adaptability.

Shaped items: diamond hoe.json

{
"type": "minecraft:crafting_shaped",
"category": "equipment",
"key": {

"#": {
"item": "minecraft:stick"

},
"X": {
"item": "minecraft:diamond"

}
},
"pattern": [

"XX",
" #",
" #"

],
"result": {

"item": "minecraft:diamond_hoe"
},
"show_notification": true

}

These files locate at /tradeCraft/src/craft rules/rule sets/ruleset/recipes.

A.2. Format of an Initial Game State (a task instance)

A JSON file with a single task instance looks like:
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problem.json

[
{

"hands": [
{

"minecraft:cherry_planks": 1,
"minecraft:coal": 1,
"minecraft:iron_ingot": 1,
"minecraft:raw_copper": 1,
"minecraft:cobblestone": 1

},
{

"minecraft:oak_planks": 1,
"minecraft:raw_iron": 5,
"minecraft:cobblestone": 1,
"minecraft:raw_copper": 2

}
],
"targets": [

{
"minecraft:shears": 1

},
{

"minecraft:torch": 1
}

]
}

]

where adding new elements in the outer list extends the instance set. The above is a two-player game setting; adding one
new entry to both “hands” and “targets” will make it a three-player instance. Note that three-player and two-player instances
belong to different game modes, so their files should be copied to the correct paths to avoid exceptions.

A.3. How to add a new ruleset

To add a new ruleset, one may follow the following instructions:

1. Copy the existing ones at /tradeCraft/src/craft rules/rule sets/ and change ruleset name. Copy
recipes, tags, item icons into corresponding folders and remove all temp files.

2. Copy problem sets to
/tradeCraft/src/craft rules/TC GAMES/ruleset-name/game-mode, the detailed structure please
refer to the existing ones.

3. Modify configuration file: /tradeCraft/settings.yaml, change craft rule choice,
craft rule prefix (if in your recipe files items have a prefix, such as “minecraft:” in item “minecraft:stick”),
and icon format into appropriate ones.

4. Rerun the file /tradeCraft/run server.py in path /tradeCraft/.

B. Details of Model-based Evaluation Prompts
B.1. Theory of Mind (ToM) Evaluation

For the evaluation of Theory of Mind (ToM), we designed a structured prompt that instructs the assessor LLM to examine
every turn in the game logs and determine whether each player demonstrates first-, second-, or third-order ToM reasoning.
The assessment is binary for each dimension: true (1) if the behavior is detected, and false (0) otherwise. The final
score for a given ToM order is computed as the ratio of turns with positive detection to the total number of turns (see Table 3
in the main text).

Below is an excerpt from a real evaluation case, showing how ToM reasoning is detected for a single turn:
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Game Log (Turn 8 excerpt)

Player 2 THINKS:
"I notice my opponent has stone_bricks,
which might be valuable to them.

Since my goal is to craft a stone shovel,
I could offer raw_copper in exchange.

Since my opponent mentioned they're trying to craft a bucket,
they might need iron."
[First-order ToM]

Model Evaluation Output

{
"Turn 8": [

{
"user": "player 2",
"justification": "Player 2 considers what the other
player needs|first-order ToM.",
"first_order_tom": true,
"second_order_tom": false,
"third_or_higher_tom": false

},
{

"user": "player 1",
"justification": "Player 1 only evaluates based on their
own crafting goals|no ToM reasoning.",
"first_order_tom": false,
"second_order_tom": false,
"third_or_higher_tom": false

}
]

}

B.2. Other Model-based Dimensions

For the other eight model-based dimensions (e.g., Goal Alignment, Cooperation, Persuasion), we used a similar evaluation
pipeline. The assessor LLM receives the complete game log and assigns a score in [0, 1] to each player for each dimension
at every turn, with justifications. Final scores are averaged across turns and games. Representative aggregated results are
reported in Figures 3(a–i) and Figure 4 of the main text.

Unlike ToM evaluation (binary detection per order), these dimensions are graded continuously, enabling us to capture finer
variations in social and strategic behavior.
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