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ABSTRACT
Game abstractions have been deployed throughout history to hone
our strategic decision-making. However, building suitable abstrac-
tions that capture the salient details of strategic interactions remains
a manual, costly process, confining game theory to a narrow range
of applications. Recent advances in large language models (LLMs)
offer a solution, as these models excel at translating messy real-
world semantics into formal logical representations. We introduce
Strategic World Models (SWMs), a methodology and accompanying
open-source library, StrategicWM, that automatically translates
natural language descriptions of strategic interactions into formal
game abstractions directly solvable by computational game engines.
We evaluate the fidelity of SWMs against ground-truth solutions
in Kuhn Poker and demonstrate their versatility across diverse,
non-traditional strategic domains. By automating this pipeline, we
extend the reach of computational game theory to a much wider
range of scenarios, including business negotiation, organizational
politics, and complex interpersonal dynamics.
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1 INTRODUCTION
Game abstractions have been deployed throughout history to hone
our strategic decision-making. Famously, the pieces in Chess origi-
nated as the four divisions of the Indian army, eventually evolving
into a symbolic warfare simulator [21]. Recent advances in compu-
tational game theory and AI [26] have paved the way for strategic
planning that far exceeds human intuition, notably in domains
like aerial combat simulations [7]. However, game theory is not
restricted to warfare or zero-sum settings; it applies to any decision-
making scenario given a suitable abstraction. What prevents game
theory from advising us in everyday interactions? Why can we not
apply game theory’s insights to problems like business negotiations,
organizational politics, or complex interpersonal dynamics?

As with Chess, building suitable game abstractions that capture
the salient details of strategic interactions is historically a manual
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Figure 1: StrategicWM: An agentic library for automating the
construction of game-theoretic models from ambiguous nat-
ural language descriptions and conducting equilibrium anal-
ysis with visualizations to surface strategic insights.

process relying on human creativity and domain expertise. While
bespoke solutions exist for constrained domains like automated
negotiation [3, 24] and ad auctions [9, 25], generic tools to automate
the translation of unstructured scenarios into formal abstractions
are lacking. However, large language models (LLMs) offer a poten-
tial solution. These models excel at processing messy real-world
semantics and translating them into formal logic, filling in gaps
using common sense derived from their vast training corpora.

In this work, we propose an approach that uses LLMs to automate
the construction of game abstractions, called strategic world models
(SWMs), that are formatted to be directly solvable by computational
game engines. The result is an interface that allows one to describe
any strategic decision-making problem and receive strategic advice
supported by advanced AI.

In the following sections, we will survey recent related work
(Section 5), technical background covering game theory abstrac-
tions (Section 2), methods that build a scaffolding around LLMs
to reliably generate faithful abstractions of arbitrary strategic sce-
narios conditioned on natural language descriptions (Section 3),
experiments that demonstrate successes and failure modes of the
proposed approach (Section 4), and finally concluding remarks in-
cluding limitations and promising areas for future work (Section 6).

2 TECHNICAL BACKGROUND
Extensive-form, imperfect-information games (EFGs) capture se-
quential interactions between players and their underlying valu-
ations that influence the actions they take in a game. An EFG is
a tuple 〈N , 2 , A, H , Z, D, g , S〉. N = {1, 2, · · · , =} is a set of =
players. H is a finite set of histories or states. g : H → N ∪ {2}
is a player identity function. S is a set of infostates. Each infostate



B represents a partition of H such that each ℎ ∈ B cannot be distin-
guished by players other than g (B) = g (ℎ) for all ℎ ∈ B . A is a finite
set of infostate-dependent actions that can be taken.Z ⊆ H is a set
of terminal histories. D : Z → Δ=

D ⊆ <= with ΔD = [Dmin, Dmax]
is a utility (or payoff) function assigning each player a payoff at
the end of the game. EFGs are typically used to model games like
Poker [2] or Stratego [22]. For more information, we refer the reader
to textbooks [11, 19] and prior work that inspired ours [12].

3 METHODOLOGY
We propose two different approaches to automating the construc-
tion of SWMs from natural language descriptions. Both are designed
to adhere to the extensive-form game abstraction defined in Sec-
tion 2. One generates the abstraction directly using one LLM call,
relying on the LLM to follow a specific EFG object format specified
in its instruction prompt. The other provides a pipeline that gener-
ates each component of the EFG abstraction step-by-step, thereby,
removing this responsibility from the LLM and narrowing the scope
of each individual task, but then requiring many more LLM calls.
We provide a high level description of the key concepts involved in
the approaches here and direct the reader to the Python package
documentation on GitHub for more details.

3.1 Direct Model Construction
We describe the one-shot generation approach first. Our approach
is to construct a prompt with clear instructions to generate JSON
according to the schema partially presented below:

class Node(BaseModel):

node_id: int

state_string: str

current_player: int

class ChanceNode(Node):

node_type: str = "chance"

current_player: int = -1

chance_probabilities: list[float]

chance_outcomes_string: list[str]

children: List[Union["ChanceNode", "DecisionNode",

"TerminalNode"]]...

Imperfect information in EFGs is particularly nuanced, so we
provide additional detail on how the LLM should handle this:

You must determine if distinct observations are "

strategically equivalent". Real-world observations are messy

. A player might see "The engine is humming" in one branch

and "The motor sounds fine" in another.

To handle this in the JSON:

1. `observation_history`: Record the natural language

observation exactly as it occurs in this specific branch (

preserve the nuance).

2. `information_state_group`: This ID defines the player's

actual knowledge state.

- Compare the current observation to previous nodes'

observations for this player.

- Use your judgment: If the difference between the new

observation and a previous one is merely cosmetic (or if a

human player would ignore the difference for the purpose of

making a decision), treat them as the SAME.

- If they are effectively the same, set `

information_state_group` = that previous node's `id`.

- If the difference creates a meaningful strategic

distinction, treat them as DIFFERENT (start a new group ID).

Along with these instructions, we attach the given natural lan-
guage description of the strategic scenario. We then validate the
LLMs response against the schema using Pydantic [4]. If validation
fails, Pydantic throws an error pointing out the specific violation
to the JSON schema. We then restructure the JSON into a standard-
ized networkx [13] tree graph object in preparation for downstream
tasks such as visualization and game solving with OpenSpiel [17].

3.2 Model Construction as a Multi-agent System
Here, we construct an SWM with a multi-agent workflow reminis-
cent of LLM swarms [14]. Each component in the EFG definition is
handled by a separate agent with a tailored prompt. For example,
one agent reads the scenario description and generates a list of the
players (N ), names and descriptions, that are most important to
model. Another agent processes an information state (B) at an inter-
mediate game state (ℎ) and determines which actions or decisions
a given player 8 might consider (A(B, 8)). Of course, another agent
determines which player is acting in a given state ℎ (g (ℎ)).

The full construction pipeline proceeds in three phases. In the
first phase, agents process the strategic scenario provided to deter-
mine the relevant players and possible initial world states. In real
world scenarios, player mental states, environmental conditions,
and other information is unknown to even experts and so we ask an
LLM agent to enumerate a set of plausible starting conditions. This
is analogous to some board games where the initial board layout is
decided by a roll of dice. In addition, many of the core agents that
implement the EFG components are defined in this phase. This is
accomplished by asking an LLM to engineer prompts specific to
the given scenario using basic component prompts as templates.

In the next phase, a game tree is constructed node by node in
networkx format starting with the root node; we follow the same
tree structure as in [12]. Nodes are generated asynchronously for
speed subject to parent-child constraints. The root node is fixed
to be a chance node (�) w.l.o.g. that generates the possible initial
world states.These include player backgrounds, private information,
environment details, as well as the probability of each initial state.
Each child of the root node is a decision node (�) and the first
player to act is always the first player in the list of generated players.
Upon creation of a decision node, an agent is called to generate
a list of legal actions and determine which information from the
game history would be available to the current player. Actions
themselves are represented as strings, instructions to be included
in a subsequent prompt passed to an LLM. LLM responses are
typically stochastic. We model this stochasticity with a chance node
that follows every decision node. The user sets the finite number
of random seeds they would like to condition the LLM on when
generating a response conditioned on the chosen instruction. The



number of seeds can be set to 1 if this is not needed. This distinction
between the two approaches is visualized in Appendix B.

Each path in the tree then proceeds chaining (�,�, . . . , �,�)
until a termination condition is met as judged by a terminal agent
(either a user given limit on tree depth or a suitable condition
determined in the first phase). At a terminal node, an agent is called
to determine the payoffs awarded to each player given the history.

After creation of the tree, a last phase is included to gather in-
formation states. In the second phase, an agent determines which
global state information is available at each decision node and rep-
resents this as a natural language string. Due to the open endedness
of natural language, this is effectively an observation rather than a
rigorous information state. There may exist multiple decision nodes
in the tree with different string observations, but the same semantic
information. In addition, because legal actions are generated inde-
pendently at each node, two semantically equivalent observations
may be associated with different legal actions. Therefore, we scan
the decision nodes in the tree, assigning observations a unique
infostate ID label if no previous decision node has been observed
with the same semantic meaning or legal actions. This judgment is
performed by a specialized agent. If two observation strings are the
same, yet their legal actions differ, we raise a warning and trivially
modify one of the strings to force uniqueness. If their legal action
lists are the same, but permuted, we re-order one to match the other
and refactor the tree to be consistent with the chosen ordering.

3.3 Visualization and Analysis
Once the game tree is constructed, we take advantage of its formal
game-theoretic representation to perform analysis. We provide a
lightweight utility to port the networkx tree information into an
OpenSpiel game object. OpenSpiel offers a suite of solvers, equilib-
rium solving algorithms, that can then be called on this object. For
example, counterfactual regret minimization (CFR), can be used to
compute a coarse correlated equilibrium of the game.

We pair OpenSpiel’s game-theoretic analysis with a PyVis visu-
alization of the game tree. By sampling from the computed equi-
librium, we can generate paths in the game tree associated with
rational play. The visualization UI offers dropdowns to select from
these paths, which are then highlighted in the tree. We similarly
allow selecting among groups of information states to better under-
stand players’ imperfect information. Lastly, each node is annotated
to display a brief summary of the node upon hover over.

The game tree conveys a wholistic view of the strategic scenario
along with game-theoretic insights, but is not suitable for viewing
large quantities of data about individual states or statistical infor-
mation about paths in the tree. For the former, we provide an option
for generating all information about a given node in markdown
format. We also provide an option for generating key information
about a path in the tree, also in markdown format. For the latter, we
generate a plot displaying the value function (i.e., cost-to-go) for
each node along a path in the computed equilibrium along with its
standard deviation. This conveys suspense and surprise as explained
in [6] and can be helpful in identifying critical decision points.

3.4 Usage
The package can best be learned through example colabs we have
provided. To get started, one simply needs a Gemini (free tier)
API key that can be obtained at aistudio.google.com. We suggest
first experimenting with the transplant.ipynb colab which im-
plements the direct approach described in Section 3.1. Within that
colab, there is a link (colab example) that spins up a free google
colab sandbox. Simply add a cell to the top of that colab to (!pip
install strategicwm). Proceed cell-by-cell, entering the API-key

when necessary, and provide a description of a strategic scenario.

3.5 Deployment
The strategic world model is a static representation or prediction
of how a scenario could unfold. To leverage the SWM in a model-
based decision making process, one needs to fit the actual world
state onto this imperfect model. In particular, given an observation
of the world state, a specialized agent attempts to map this to the
most semantically similar infostate in the SWM. If a match is found,
the equilibrium policy for this infostate can be used to sample an
action from the SWM’s legal actions for that infostate. An agent
then attempts to match the sampled action to a legal action in the
real world. If any step fails, a random action is sampled.

3.6 Limitations
Both the approaches just described may exhibit hard or soft failures.
A hard failure is when an LLM response is incorrectly formatted
or parsed or when a user provided parameter is violated (e.g., not
enough players were identified); this causes the tree construction to
fail prematurely. The multi-agent approach is a multi-step process,
so we have added additional features to handle failures there. We
have implemented retry logic for the first phase. We also allow
the user to attempt to re-generate a subtree from an interior node
due to node failure or unsatisfying results. Lastly, all warnings and
errors are logged for post-mortem analysis (e.g., “gardener.log”).

The SWM player order is fixed. If the true order of actions in
an environment differs, this can impact the available information
to decision makers and hence the compute equilibrium policy. In
this case, we do not know of a minor modification that can salvage
the SWM and suggest re-generating the tree conditioned on the
current available information.

4 EXPERIMENTS
We use Gemini-2.5 Pro [5] for tree construction and Flash for trans-
lating infostates/actions between the environment and SWMduring
model deployment and evaluation.

4.1 Tree Recovery
While rock-paper-scissors is a very simple normal-form game, it is
possible to represent it in extensive-form, and in that representation,
the recognition of imperfect information is critical to correctly
capturing the game. To handle this, in our prompt, we include an
explanation of the standard transformation from NFGs to EFGs.
Both approaches are then able to accurately construct the RPS
game abstraction. Figure 2 shows the correct identification of an
information set for the first player.

aistudio.google.com


Figure 2: RPS Game Tree. In this EFG representation of RPS,
the story is that both players drop their decisions in a box,
after which both are simultaneously revealed. The root node
boxed in green and a coin flip determines who drops their
decision in the box first.

We manually validated the Kuhn poker game tree against the
known ground truth in repeat instances. At times, actions may be
duplicated or an infoset may have been incorrectly identified. We
expect some of these issues to fade with subsequent LLM releases.

4.2 Performance in a Classical Game
Table 1 evaluates SWM on Kuhn Poker against both a random
policy and a Gemini-2.5 flash model that simply processes a string
observation of the game state and responds with a natural language
action that is then matched to its closest match in the set of legal
actions. In Kuhn Poker, there is a slight advantage to going 2nd
because you get to react to the first player’s bet. SWM outperforms
the random agent, and with statistical confidence when going 2nd.
SWM essentially ties Gemini in this toy poker variant.

Opponent SWM 1st Player SWM 2nd Player
Random 0.26 ± 0.265 (0.995) 0.42 ± 0.314 (0.98)
Gemini-2.5 −0.05 ± 0.280 (1.0) −0.05 ± 0.285 (0.99)

Table 1: Performance onKuhnPoker—Multi-AgentApproach.
Statistics represent mean payout with 95% confidence inter-
val. The number in parentheses indicates the fraction of de-
cisions that successfully mapped back and forth between the
game environment and the SWMmodel of infostates/actions.

4.3 A Real-World Setting
To demonstrate the versatility of the framework, we consider the
following scenario. Two friends (Alice and Carol) agree to meet for
dinner at 7:00 PM. It is currently 6:50 PM. Alice has not left her
house yet. (True ETA: 7:20 PM). Carol is already at the restaurant
waiting. Alice wants to minimize Carol’s anger (by making her
think she is close so she waits) but also wants to avoid the “shame”
of being caught in a blatant lie if she arrives way later than promised.

Carol wants to know if she should order a drink, wait outside, or
just leave, but she doesn’t know if Alice is telling the truth.

Under the computed equilibrium solution, it is determined that
Alice should “Text ‘Running a bit late, be there around 7:15.’” to
Carol. In the case where Alice is slightly earlier (7:05 arrival), “Carol,
expecting her at 7:15 PM, is pleasantly surprised…” In the case where
Alice is slightly later (7:20 arrival), “Carol, who was expecting her
around 7:15 PM, is only slightly annoyed. Alice feels fine.”

This example conveys several key points. This example should
feel familiar; it is a scenario requiring strategic thinking, theory of
mind, and careful planning that many of us have experienced and
will continue to encounter. The second is that, using an LLM, we
were able to construct a suitable EFG. A classical CCE solver applied
to this EFG returned a reasonable policy suggestion despite the fact
that this example has likely never been modeled in the game theory
literature before. We provide another example in Appendix A.

5 RELATEDWORK
One of the first demonstrations of applying game theory to strate-
gic decision making in an open-ended domain with LLMs was in
Diplomacy [10]. There, a dataset of human play containing natural
language negotiation was parsed and intents were identified that
mapped to specific legal moves on the board. An equilibrium over
actions in the board game was approximated and an LLM was con-
ditioned on sampled actions to translate the fixed set of actions
into more open-ended utterances. No explicit model of the natural
language negotiation itself was constructed though.

Other work has focused on building explicit game-theoretic mod-
els of open-ended decision making scenarios. With the assistance
of an LLM, Daskalakis et al. [6] builds a game tree for Romeo and
Juliet such that the classic story lies in the support of its Nash equi-
librium. Xu et al. [27] embed Werewolf dialogues in a latent space
and then cluster the messages to form a finite EFG from which
they can extract a policy. Mensfelt et al. [20] proposed an approach
to automatically translate descriptions of small bimatrix games to
logic representations.

Similarly to this work, Gemp et al. [12] treats an LLM as an
environment transition operator, controllable via instruction sets.
An EFG is constructed in OpenSpiel and an equilibrium over in-
struction sets is computed. In contrast to this work, [12] requires a
user to explicitly specify all components of the game and as such,
game construction still remains a very manual process.

Most similar to our direct approach in Section 3.1, Deng et al.
[8] automated the construction of pygambit EFG files from natural
language descriptions, including a debugging module to ensure the
resulting Gambit [23] representation was valid. Their focus is on
classical games with clean semantics where the game description
contains all information necessary to uniquely define the game.
Lehrach et al. [18] similarly generated code that defines transitions,
an efficient, implicit model of the game tree. In contrast, we present
a multi-agent approach with additional UI functionality for analy-
sis and interaction (e.g., subtree re-generation) and are primarily
interested in handling the full ambiguity of real-world interaction.



6 CONCLUSION
We proposed an agentic library, StrategicWM, that implements
two different approaches for constructing strategic world models
from ambiguous natural language descriptions and conducting
equilibrium analysis with visualizations to surface strategic insights.
This library is open sourced on GitHub and can be easily installed
and run on a Google colab sandbox within minutes after obtaining
a Gemini API key.

In future work, we would like to continue to robustify the game
tree construction and provide additional avenues for user interac-
tion and refinement. If we are to evaluate and improve the con-
struction of SWM’s for real world scenarios, we will need to devise
comprehensive pipelines for gathering human feedback on model
fidelity and usefuleness. Research that bounds the impact of the
abstraction’s innaccuracies is also critical [1, 15, 16].
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A HYPOTHETICAL EXAMPLE: CREDIT SNIPER
A.1 Scenario Description
We considered the following hypothetical scenario.

I'm in a tough spot at work right now and need to know the best move. My coworker Brad and I spent the last two weeks co-

authoring a major report, but he's the one standing up presenting it to our VP. He literally just opened his mouth and said

, "I found these trends," completely claiming credit for the data modeling I did. I'm fuming.

I'm trying to decide if I should interrupt him immediately to correct the record. The problem is, if I cut him off, I

guarantee I get the credit, but I risk looking petty and unprofessional in front of the boss, who hates bickering. Brad

might also get defensive and turn it into an argument right there.

My other option is to sit on my hands and wait for the Q&A session at the end. The plan would be to ask him a really specific

technical question about the model that I know he can't answer, which would subtly expose him as a fraud and prove I did

the work without me looking aggressive. But that's a gamble because the VP is super busy; ’theres a solid chance she cuts

the meeting short and skips Q&A entirely. If that happens, I walked away with nothing. Is it worth waiting for the perfect

moment, or should I just take the hit and speak up now?

Make sure to model both players. My name is Greg btw.

A.2 Strategic World Model
We passed the scenario description to StrategicWM which produced the game tree in Figure 3 using the Direct approach.

Figure 3: Strategic World Model (game tree) generated for credit sniper scenario.



A.3 Equilibrium Paths
The following rollouts represent paths in the support of the coarse-correlated equilibrium computed by OpenSpiel on the generated strategic
world model.

A.3.1 Path: 0 1.

Step 0 - Chance Node: ●
– outcome 0 (50.00%)
The VP is busy and will cut the meeting short, skipping Q&A.

Step 1 - Decision Node: 0
– info_state
Brad just presented the report we co-authored and said ’I found these trends,’ taking full credit for the data model I built.
– action_idx
1
– action_str
Wait for the Q&A session

Step 2 - Terminal Node: 0 1
– state
Greg decided to wait for the Q&A, but the busy VP ended the meeting right after the presentation. His opportunity is lost.
– returns
[-2.0, 3.0]

A.3.2 Path: 1 1 0 0 0.

Step 0 - Chance Node: ●
– outcome 1 (50.00%)
The VP has time and will allow for a Q&A session.

Step 1 - Decision Node: 1
– info_state
Brad just presented the report we co-authored and said ’I found these trends,’ taking full credit for the data model I built.
– action_idx
1
– action_str
Wait for the Q&A session

Step 2 - Decision Node: 1 1
– info_state
The presentation is over and the VP has started the Q&A session. This is my chance.
– action_idx
0
– action_str
Ask Brad a specific technical question about the model

Step 3 - Chance Node: 1 1 0
– outcome 0 (80.00%)
Brad fumbles badly, unable to answer, exposing his lack of knowledge.

Step 4 - Chance Node: 1 1 0 0
– outcome 0 (60.00%)
The VP asks Greg to elaborate on the model.

Step 5 - Terminal Node: 1 1 0 0 0
– state
After Brad fumbled, the VP asked Greg to elaborate. Greg explained the model perfectly, solidifying his expertise and ownership.



– returns
[4.0, -3.0]

A.3.3 Path: 1 1 0 0 1.

Step 0 - Chance Node: ●
– outcome 1 (50.00%)
The VP has time and will allow for a Q&A session.

Step 1 - Decision Node: 1
– info_state
Brad just presented the report we co-authored and said ’I found these trends,’ taking full credit for the data model I built.
– action_idx
1
– action_str
Wait for the Q&A session

Step 2 - Decision Node: 1 1
– info_state
The presentation is over and the VP has started the Q&A session. This is my chance.
– action_idx
0
– action_str
Ask Brad a specific technical question about the model

Step 3 - Chance Node: 1 1 0
– outcome 0 (80.00%)
Brad fumbles badly, unable to answer, exposing his lack of knowledge.

Step 4 - Chance Node: 1 1 0 0
– outcome 1 (40.00%)
The VP notes Brad’s failure and simply moves on.

Step 5 - Terminal Node: 1 1 0 0 1
– state
After Brad fumbled, the VP moved on. Greg successfully made his point and got credit without a direct confrontation.
– returns
[2.5, -1.5]

A.3.4 Path: 1 1 0 1 1.

Step 0 - Chance Node: ●
– outcome 1 (50.00%)
The VP has time and will allow for a Q&A session.

Step 1 - Decision Node: 1
– info_state
Brad just presented the report we co-authored and said ’I found these trends,’ taking full credit for the data model I built.
– action_idx
1
– action_str
Wait for the Q&A session

Step 2 - Decision Node: 1 1
– info_state
The presentation is over and the VP has started the Q&A session. This is my chance.
– action_idx
0



– action_str
Ask Brad a specific technical question about the model

Step 3 - Chance Node: 1 1 0
– outcome 1 (20.00%)
Brad deflects the question skillfully, promising to follow up later.

Step 4 - Decision Node: 1 1 0 1
– info_state
I asked Brad my killer question, but he managed to deflect it without answering. My point wasn’t fully landed.
– action_idx
1
– action_str
Let it go

Step 5 - Terminal Node: 1 1 0 1 1
– state
After Brad deflected, Greg let the issue go. The moment passed, and the credit for the work remained ambiguous.
– returns
[0.0, 1.0]

A.4 Value Functions
The value functions associated with this equilibrium are displayed in Figure 4. If, unbeknownst to Greg, the VP decides to skip the Q&A,
Greg’s (player 0) value quickly drops to −2. On the other hand, if the VP stays, Greg’s value still remains uncertain depending on how Brad
handles Greg’s technical question. This is mirrored in Brad’s plot as it appears StrategicWM chosen to model this game as constant-sum (see
returns listed at the end of each rollout in Section A.3).

Figure 4: Credit Sniper: Value Function



Figure 5: InfoGraphic: StrategicWM’s game theoretic analysis can be piped into more sophisticated media generation systems to
create engaging and colorful, yet grounded infographics.

A.5 InfoGraphic
Finally, we used NanoBanana to construct the infographic in Figure 5 by providing it with the scenario description, game tree json, and
value function plots.

The rendition of the game tree gets many aspects correct, but is not entirely faithful to the json. For example, if the “VP has Time” and
Greg decides to “Wait”, then Greg’s next action is to “Ask Technical Question” as indicated in the original strategic world model in Figure 3.
In addition, the value function plots are mostly an artistic rendering rather capturing any of the quantitative content from Figure 4. As AI
systems improve, we expect these hallucinations to reduce.

B KUHN POKER
Figures 6 and 7 below display the game trees generated by the direct and multi-agent approaches respectively. The main detail we aim to
highlight is that the multi-agent approach includes a chance node after every decision node to model stochastic generation process of the
LLM as described in Section 3.2; hence, it is much larger as well.



Figure 6: Kuhn Poker—Direct Approach.



Figure 7: Kuhn Poker—Multi-Agent Approach.
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