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Abstract

Reasoning capabilities in large language mod-
els (LLMs) have generally advanced signif-
icantly. However, it is still challenging for
existing reasoning-based LLMs to perform
effective decision-making abilities in multi-
agent environments, due to the absence of ex-
plicit foresight modeling. To this end, strate-
gic reasoning, the most fundamental capabil-
ity to anticipate the counterpart’s behaviors
and foresee its possible future actions, has
been introduced to alleviate the above issues.
Strategic reasoning is fundamental to effective
decision-making in multi-agent environments,
yet existing reasoning enhancement methods
for LLMs do not explicitly capture its foresight
nature. In this work, we introduce Foresight
Policy Optimization (FoPO) to enhance strate-
gic reasoning in LLMs, which integrates op-
ponent modeling principles into policy opti-
mization, thereby enabling explicit considera-
tion of both self-interest and counterpart influ-
ence. Specifically, we construct two curated
datasets, namely Cooperative RSA and Com-
petitive Taboo, equipped with well-designed
rules and moderate difficulty to facilitate a sys-
tematic investigation of FoPO in a self-play
framework. Our experiments demonstrate that
FoPO significantly enhances strategic reason-
ing across LLMs of varying sizes and origins.
Moreover, models trained with FoPO exhibit
strong generalization to out-of-domain strategic
scenarios, substantially outperforming standard
LLM reasoning optimization baselines.1

1 Introduction

Strategic reasoning constitutes the capacity to fore-
see counterpart behaviors, deliberate on how these
anticipations should influence one’s own decisions,
and ultimately formulate optimal strategies (Zhang
et al., 2024c; Gandhi et al., 2023). This capabil-
ity proves essential across multi-agent scenarios,

*Equal contribution.
1https://github.com/wangjs9/ForesightOptim.
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Figure 1: PPO optimized the self policy (π1) in isolation,
while FoPO introduces foresight into the future updates
of the counterpart policy (π2).

from theory of mind (Xiao et al., 2025) to conver-
sational games (Mukobi et al., 2023), yet remains
insufficiently developed in current LLMs.

Substantial efforts have been devoted to enhanc-
ing the reasoning capabilities of LLMs. Super-
vised fine-tuning (SFT) following reinforcement
learning (RL), along with Chain-of-Thought and
its variants (Wei et al., 2022; Yao et al., 2023),
have emerged as predominant general-purpose
paradigms. Complementing these, specialized
methodologies have been tailored to the intrin-
sic characteristics of specific reasoning: search-
based approaches for stepwise supervision in math-
ematical and commonsense reasoning (Wang et al.,
2025b; Zhang et al., 2024a), graph-structured
frameworks for emotional reasoning (Wang et al.,
2022), and incorporation of symbolic language for
logical reasoning (Pan et al., 2023). While effective
within their respective domains, these approaches
do not explicitly incorporate the foresight nature
fundamental to strategic reasoning.

This work aims to enhance strategic reasoning
in LLMs by explicitly capturing its foresight na-
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ture, i.e., to foresee counterpart actions and rea-
son about their influence on optimal decision-
making. Drawing on opponent modeling prin-
ciples from game theory (Prajapat et al., 2021;
Foerster et al., 2018), we introduce Foresight
Policy Optimization (FoPO), which incorporates
explicit counterpart modeling into policy optimiza-
tion through counterpart-aware objective functions
(Figure 1). Through FoPO, LLM agents jointly con-
sider both self-oriented and counterpart-influenced
outcomes, anticipating and adapting to counterpart
reactions. This develops genuine strategic foresight
that generalizes across diverse counterpart behav-
iors. Further, we adopt FoPO in a self-play fashion
to enhance LLMs’ strategic reasoning capabilities.

The shortage of suitable training data brings an
additional challenge. Although prior work has
proposed multi-agent benchmarks requiring strate-
gic reasoning, most center on prompt-based, data-
free evaluation (Mukobi et al., 2023; Duan et al.,
2024; Lan et al., 2024). Existing datasets such
as Chess (Feng et al., 2023) and Poker (Huang
et al., 2024) pose further obstacles: their domain
complexity demands expertise far beyond strate-
gic reasoning, hindering controlled training and
systematic analysis. To address this, we curate
two new datasets, i.e., Cooperative RSA and Com-
petitive Taboo, each targeting a core interaction
motive (cooperation or competition) while main-
taining controlled strategic complexity.

To evaluate FoPO, we employ two different
backbone models, Llama-3-8B-Instruct (AI@Meta,
2024) and Qwen3-14B (Team, 2025). We assess
their performance through both in-domain experi-
ments on our curated datasets and out-of-domain
generalization tests using γ-bench (Huang et al.,
2025), a multi-agent evaluation suite covering di-
verse strategic reasoning tasks. Extensive empiri-
cal results show that FoPO trained on our datasets
substantially improves strategic reasoning across
models and settings.

Our key contributions are summarized as fol-
lows: (1) We aim to enhance strategic reasoning
in LLMs, a critical yet underexplored capability
in multi-agent interaction. (2) We propose FoPO,
a novel algorithm that enables LLMs to jointly
consider self-oriented and counterpart-influenced
outcomes during optimization. (3) We curate two
datasets, Cooperative RSA and Competitive Taboo,
to support the development of strategic reasoning
in LLMs. (4) We conduct extensive in-domain and
out-of-domain evaluations across multiple LLM

backbones, demonstrating the effectiveness and
generality of our approach.

2 Related Work

LLM Strategic Reasoning. Although numerous
studies have examined various forms of LLM rea-
soning, strategic reasoning is distinguished by its
requirement for foresight—anticipating the actions
of counterparts and evaluating their influence on
one’s own decisions (Zhang et al., 2024b). This
capability is particularly critical in multi-agent set-
tings. One prominent example is theory of mind
(ToM) reasoning, where an agent must infer an-
other’s mental states (Xiao et al., 2025). Con-
versational games, such as Werewolf (Xu et al.,
2024) and Avalon (Lan et al., 2024; Wang et al.,
2023; Light et al., 2023), further require players
to interpret the intentions behind others’ actions
in cooperative or competitive contexts. Classic
board and card games such as Chess (Feng et al.,
2023), Go (Silver et al., 2018), and Poker (Duan
et al., 2024; Zhang et al., 2024b) also rely heavily
on strategic reasoning, in addition to substantial
domain-specific expertise.

RL for Reasoning. An emerging paradigm in
LLM reasoning combines RL with SFT, where SFT
first establishes task-specific foundations, followed
by RL to refine the reasoning process (Ouyang
et al., 2022; Xu et al., 2025). Specialized RL ap-
proaches have been developed for different reason-
ing modalities. For mathematical and program-
ming tasks, process-based reward models evalu-
ate intermediate reasoning steps rather than final
outcomes (Hwang et al., 2024; Jain et al., 2025).
For causal reasoning, RL is often combined with
graphical representation learning to capture event
relationships (Huang et al., 2022; Ding et al., 2022).
For interactive strategic scenarios, self-play, where
models train by engaging with themselves, has
proven particularly effective (Cheng et al., 2024).

3 Method

3.1 Training Fashion: RL via Self-Play
This work leverages self-play reinforcement learn-
ing to strengthen the strategic reasoning abilities of
LLMs, building on prior evidence of its effective-
ness (Cheng et al., 2024). We instantiate different
agents from a shared LLM policy πθ using distinct
role-specific prompts, formulated as:

p
(i)
θ (at | st) = πθ

(
at

∣∣∣ prompt(i)(st)
)
, (1)
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Object Set: ① dry-blue-smooth-square ② wet-
green-rough-square ③ wet-green-smooth-square ④
wet-blue-smooth-circle ⑤ wet-blue-smooth-square
⑥ dry-blue-rough-circle ⑦ dry-blue-rough-square 
⑧ dry-blue-smooth-circle
Target Object: dry-blue-smooth-circle

Speaker

Hmm… let me give you a good 
hint. The target object is circle.

Listener

It can be “dry-blue-smooth-circle” 
or “wet-blue-smooth-circle.”

Blue appears more often than green, smooth 
more than rough… Following this pattern, I 

chose circle because it can be more
identical. ?

Target Word: story

Attacker

I'm struggling with writing my 
paper lately. Do you have any tips?

Defender

Yes! Focus on clarity, structure, 
and making your argument flow 
logically.

Attacker

Got it. But I’m not sure how to 
connect everything, say solution 
and other parts, smoothly.

Defender

Make sure to explain the mo.. I 
mean ,why you did the research 
and why your solution works, tie 
everything into a coherent story.

I should shift to a topic less tied to the ‘story’ 
and frame it as research-relevant for the 
defender.

?

Target Word: story

Attacker

Do you know Hans Christian 
Andersen?

Defender

Of course! I read his emmm… 
works when I was a kid.

Attacker

Yes, me too. How would you 
evaluate the ones he wrote?

Defender

I know the target word! It is 
“story.”

Since Andersen can refer either to writers 
or to stories, I first check whether it 
indicates “story.”

?

Speaker
The next cue is dry.

Listener

Got it. I know the target object! It 
is the “dry-blue-smooth-circle.”

Competitive Taboo (Defender Wins)Competitive Taboo (Attacker Wins)Cooperative RSA (Win in Minimal Turns)

?

Does the speaker tend to provide the most 
informative feature? How far should I narrow 

down the candidate set?

Figure 2: Illustration of two investigated strategic reasoning tasks (cooperation and competition).

where i ∈ {1, 2} indexes the agent, at is the gen-
erated action, and st denotes the state at step t.
Notably, st = st−1 + {at−1}, where s0 = ∅ and
at−1 is generated by the counterpart of agent i. The
training procedure consists of three main stages:

SFT. To ensure that LLM agents adhere to the
game rules, we first perform supervised fine-tuning
(SFT). In this stage, the policy πθ is trained to
follow its assigned roles in interactions. The de-
tailed prompts are provided in Appendix E. For
each player i, we construct a player-i winning set
T i
sft. The SFT loss maximizes the log-likelihood:

LSFT(θ) = −
∑

i

Eτ∼T i
SFT

[

1

T

T∑

t=1

p
(i)
θ (at | st) + βKL(pθ ∥ pθold)

]
.

(2)

where the KL term regularizes the policy toward
the initial backbone model to preserve general
instruction-following behavior. During training,
the behavior policy parameters θold are initialized
from the backbone model checkpoint.

Trajectory Collection. Multi-turn self-play in-
teractions, where rewards are only revealed at the
end of the conversation, make direct online policy-
gradient RL computationally inefficient. We there-
fore adopt an offline training approach. Specif-
ically, we first record self-play trajectories from
matches between two agents. Each completed con-
versation is assigned terminal rewards R(aT | sT )

and R(aT−1 | sT−1) for the two players, respec-
tively. For action-level (response) rewards, we
propagate the overall conversation reward back-
ward using a decay factor δ ∈ (0, 1). Specifically,
for any step t < T − 1,

R(at | st) = δ R(at+2 | st+2), (3)

which assigns greater weight to actions occurring
later in the conversation.2

RL via Self-Play. We employ RL to improve the
model’s strategic reasoning further. Section 3.2
and Section 3.3 provide the details on the PPO and
proposed FoPO.

3.2 Preliminary: PPO

PPO (Schulman et al., 2017) is a widely used RL
algorithm that updates a stochastic policy πθ by
maximizing a clipped surrogate objective. This
objective depends on the likelihood ratio between
the current and behavior policies and on an advan-
tage estimate Ât. For agent i at timestep t, the
likelihood ratio is

r
(i)
t =

p
(i)
θ (at | st)

p
(i)
θold

(at | st)
. (4)

2The same agent generates at and at+2, but a different
agent generates at+1.
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Given the advantage estimate Â
(i)
t , PPO optimizes

Lclip(θ) =Et

[
r
(i)
t Â

(i),clip
t

]
,

r
(i)
t Â

(i),clip
t =min

(
r
(i)
t Â

(i)
t ,

clip
(
r
(i)
t , 1− ϵ, 1 + ϵ

)
Â

(i)
t

)
(5)

where ϵ > 0 controls the trust region. The corre-
sponding parameter update for agent i is

θt+1 ← θt + α ∇θ

[
r
(i)
t Â

(i),clip
t

]

− αβ ∇θKL
(
pθ ∥ pθold

)
,

(6)

where α is the learning rate, β is the KL regulariza-
tion coefficient, and Â

(i),clip
t denotes the advantage

after clipping as in Eq. (5).

3.3 Proposed Algorithm: FoPO

To capture the foresight nature of strategic reason-
ing, we introduce Foresight Policy Optimization
(FoPO). Specifically, we incorporate a foresight-
based correction term that couples the gradient up-
dates of the self-agent and the counterpart agent.
As illustrated in Figure 1, FoPO accounts for the
fact that the counterpart will subsequently optimize
its policy in response to self’s actions, and adjusts
self’s update to anticipate how the counterpart’s
response will affect self’s future returns. While op-
ponent modeling has been explored in game theory
and multi-agent learning (Prajapat et al., 2021; Fo-
erster et al., 2018), these approaches require com-
puting second-order information (e.g., mixed Hes-
sian terms), which is computationally prohibitive
for large networks. FoPO adapts these principles to
LLMs through a gradient-truncated, computation-
ally efficient approximation, enabling enhancement
of strategic reasoning in LLM-based agents. Impor-
tantly, framing updates from the perspective of self
and counterpart highlights the algorithm’s potential
to generalize to broader multi-agent interactions.

Formulation. The parameter update in FoPO is
formulated as follows (shown here for agent 1):

θt+1 ← θt + α∇θ

[
r1t Â

1,clip
t

]

− αβ ∇θ KL
(
pθ ∥ pθold

)

+ αη
(
O1∇θr

2
t+1

)⊤
︸ ︷︷ ︸

sensitivity to
the counterpart

(
∇θr

1
t ∇θO2

)
︸ ︷︷ ︸

influence on
the counterpart

.
(7)

η is the weight of the foresight of and O(i) denotes
agent i’s clipped surrogate objective:

O1 := r1t Â
1,clip
t ,

and O2 := r2t+1 Â
2,clip
t+1 .

(8)

The update for agent 2 follows symmetrically. A
complete derivation is provided in Appendix A.

Intuition. We provide a simple and intuitive inter-
pretation of FoPO. The foresight-based correction
term (the third line in Equation (7)) enables strate-
gic reasoning by modeling how the self’s policy
update influences the counterpart’s subsequent op-
timization, and how this response feeds back to
the self’s value. Specifically, it consists of two
coupled factors: (i) Influence on the counterpart
(∇θr

1
t∇θO2): a mixed derivative quantifying how

changes in the self’s policy affect the counterpart’s
learning gradient. This embodies the self’s fore-
sight about shaping the counterpart’s future behav-
ior. (ii) Sensitivity to the counterpart (O1∇θr

2
t+1):

the sensitivity of the self’s objective to shifts in
the counterpart’s policy, weighted by the self’s cur-
rent value. This captures the self’s reaction to the
counterpart’s anticipated behaviors. By coupling
these factors, FoPO allows the self-agent to foresee
how the counterpart will act and choose actions
that remain advantageous, capturing genuine strate-
gic foresight. A more detailed interpretation and
derivation are provided in Appendix A.

For clarity of exposition, we introduce FoPO
using PPO as a representative instantiation; never-
theless, the foresight-based correction is not spe-
cific to PPO and can be seamlessly integrated into
broader policy optimization methods.

4 Tasks and Datasets

We curate two distinct datasets that emphasize the
fundamental motives, i.e., cooperation and compe-
tition, of interaction requiring strategic reasoning.
Figure 2 shows illustrative examples. Compared to
existing datasets such as Chess (Silver et al., 2018)
and Negation (Hua et al., 2024), each of our tasks
focuses on a single, clearly discernible capability
with deliberately balanced difficulty: non-trivial
for LLMs yet not so challenging as to impede ob-
servation and analysis for research in this field.

4.1 Cooperative RSA

Game Rule. Cooperative RSA is grounded in
the Rational Speech Acts (RSA) framework (Frank
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and Goodman, 2012), a probabilistic model of prag-
matic language use. The game is framed as a coop-
erative reference task between a speaker and a lis-
tener, both aware of a set of candidate objects. The
speaker has a specific target object in mind, while
the listener must infer which one it is. In each turn,
the speaker communicates a single feature of the
target. The listener uses this information to update
their beliefs and deduce the target. The game suc-
ceeds when the listener correctly identifies the tar-
get, with the objective of achieving this in the min-
imum number of communication turns. Consider
the left instance in Figure 2. When the speaker says
“circle,” a rational listener who guesses the speaker
is rational can narrow down candidates to all circle
objects {dry-blue-smooth-circle, wet-blue-smooth-
circle}. Otherwise, “dry-blue-rough-circle” can be
included, requiring further communication. The
full inference procedure is detailed in Appendix B.
This task embodies strategic reasoning in commu-
nication. The rational speaker must anticipate how
the listener will interpret each possible feature and
strategically select the most informative feature.
The rational listener, in turn, leverages this expec-
tation of speaker rationality to efficiently narrow
down the target object.

Data Collection. The Cooperative RSA dataset
comprises 15K dialogues between a speaker and a
listener. Each dialogue is constructed from a shared
set of candidate objects with a designated target
object. While both players observe the complete
object list, only the speaker knows the target’s iden-
tity. We generate the dataset using GPT-4.1 and
DeepSeek-V3.2, guided by Bayesian computation
to ensure rational player behaviors. Specifically,
given the candidate objects and target, we employ
Bayesian inference to determine the feature men-
tioned by the speaker or the object(s) selected by
the listener. The LLMs then generate natural lan-
guage utterances based on these inference results.
Further details on Bayesian inference procedures,
object set design, and generation prompts are pro-
vided in Appendix B. Additionally, we construct
17K instances for use in RL training or evaluation.
Each instance consists of an object set paired with
a target object.

Reward Computation. The objective is to iden-
tify the target object using minimal interaction
turns. Thus, we assign higher rewards for success-
ful identification with fewer turns. The final reward

for both players in Cooperative RSA is defined as

R̃ =

{
T

|convmin| , T ≤ |convmin|
max(0, n−T+ε

n−|convmin|+ε ), otherwise
,

R(aT−1) = R(aT ) = clip
(
R̃γ , 0, 1

)
.

(9)

Here |convmin| denotes the minimal turn count for
rational players to identify the target, as computed
via Bayesian inference. The variable n represents
the number of target-relevant features. For a naïve
or literal agent, once all relevant (n) target features
have been presented, the agent is expected to make
a guess. ε > 0 is a sufficiently small constant
to prevent a zero denominator. The parameter γ,
set to 2 in our experiments, controls the strength
of the preference for shorter conversations. This
value (γ > 1) assigns disproportionately higher
rewards to conversations approaching the minimal
turn number, thereby emphasizing efficiency. The
influence of different γ values is intuitively illus-
trated in Figure 7.

4.2 Competitive Taboo
Game Rule. Competitive Taboo (Yao et al.,
2021) is a typical adversarial game in which an
attacker and a defender compete over a target word.
The attacker’s goal is to elicit the target word from
the defender through conversation, while the de-
fender aims to detect the target word before being
induced to utter it. The game has three possible
outcomes: (1) Attacker wins: if the defender is
induced to say the target word. (2) Defender wins:
if the defender correctly identifies the target word,
stating “I know the target word! It is...” before
actually saying it. (3) Tie: if the conversation con-
cludes without either party achieving their objec-
tive. The right side of Figure 2 illustrates examples
of attacker-win and defender-win cases. Success in
this game requires strategic reasoning. Attackers
must model the defender’s beliefs and suspicion to
adapt their strategy, whereas defenders must inter-
pret the attacker’s intent behind each utterance to
detect manipulation without making premature or
false accusations.

Data Collection. The Competitive Taboo dataset
comprises 32K dialogues between an attacker and
a defender, collected from two sources. We in-
corporate 23K conversations generated by GPT-4,
originally proposed and released by Cheng et al.
(2024). Additionally, we construct 9K conversa-
tions by having GPT-4.1 and DeepSeek-V3.2 play
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against themselves in self-play scenarios, with post-
hoc rule-based verification to ensure dialogue qual-
ity. The dataset also includes a set of 21K instances
that can be used for RL training or evaluation. Each
instance contains a target word.

Reward Computation. The objective for both
players is to win the game. The final rewards are
R(aT−1) for the attacker and R(aT ) for the de-
fender. We assign a reward of +1 to the winner
and -1 to the loser. In case of a tie, both players
receive a reward of 0. The terminal rewards can be
formulated as

R(aT ) =





+1, the defender wins
−1, the defender loses
0, the game is tied

,

R(aT−1) = −R(aT ).

(10)

5 Experiments

5.1 Experimental Setup

Backbone Models. We employ two open-source
LLMs as the backbone models, differing in source
and size: Llama-3-8B-Instruct (AI@Meta, 2024)
and Qwen3-14B (Team, 2025).

Training Datasets. We train models on the cu-
rated Cooperative RSA and Competitive Taboo
datasets. We train models on the curated Coop-
erative RSA and Competitive Taboo datasets, com-
prising 15K and 32K dialogues for SFT, and 3K
and 9K dialogues for RL, respectively.

To further evaluate their effectiveness, we also
perform SFT on two additional datasets: (1) 20
Questions (CLiPS, 2023; Akinator, 2007): One
player thinks of an object, while the other player
attempts to identify it by asking a series of yes/no
questions. The game consists of 20 rounds. (2)
Guess My City (Abdulhai et al., 2024): One player
thinks of a city, while another aims to identify it
by asking a combination of yes/no and open-ended
questions. This game also consists of 20 rounds.
Both require reasoning, specifically deductive rea-
soning that involves hypothesis testing and infor-
mation gathering, while they do not include explicit
strategic reasoning about the counterpart actions.

Comparison Methods. We consider the follow-
ing four comparison methods: In-Context Tun-
ing (ICT) (An et al., 2023), PPO (Schulman
et al., 2017), GRPO (Shao et al., 2024), and
ArCHer (Zhou et al., 2024). In addition, we

Win
96.0%

Lose
4.0%

Win
79.6%

o3 Deepseek

Guess My City

Lose
20.4%

Attacker Wins
9.0%

91.0%

62.5%

o3 Deepseek

Competitive	Taboo

19.8%
Defender Wins

Attacker Wins

Defender Wins

Tied
17.7%

Win
56.0%

Lose
44.0%

Win
14.0%

o3 Deepseek

20 Questions

Lose
86.0%

0

0.25

0.5

0.75

1

o3 Deepseek

Cooperative	RSA

Re
w
ar
d

Figure 3: LLMs’ performance across different tasks.

also implement a group relative variation of FoPO
(GR.FoPO) to validate its generalizability. More
information and implementation details are pre-
sented in Appendix C.

5.2 Evaluation

Task Difficulty. We assess task difficulty by eval-
uating OpenAI o3 and DeepSeek V3.2 across four
games. From Figure 3, tasks exhibit varying levels
of discriminative power. The win rate in 20 Ques-
tions remains moderate, partly due to the presence
of rare or less common terms that can be challeng-
ing even for human players (Zhang et al., 2024d).
By contrast, Guess My City, a constrained vari-
ant of 20 Questions that restricts target words to
a predefined set of entities, exhibits near-ceiling
performance for both models. This disparity un-
derscores how performance in these tasks depends
critically on the model’s ability to operate within
bounded lexical and semantic spaces.

For Cooperative RSA, neither model achieves
particularly high performance. However, this task
demonstrates clear performance separation, with
o3 attaining substantially higher mean rewards than
DeepSeek V3.2. Competitive Taboo reveals even
greater complexity through role asymmetry, ex-
posing distinct facets of strategic reasoning. o3
achieves a relatively high win rate as the defender
by leveraging its strong inference abilities to guess
target words from clues. However, o3 struggles as
the attacker, failing to anticipate and counter the
opponent’s defensive strategies. This asymmetry
reveals a critical distinction: while o3 excels at re-
active reasoning (interpreting given information),
it shows limitations in proactive strategic reason-
ing (predicting and manipulating counterpart ac-
tions). Both tasks thus pose significant challenges
for LLMs in terms of strategic reasoning.
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Backbone Training Set Guessing Bar Dollar Diner Auction Battle Pirate Avg.

Llama-3-8B-Instruct

- 78.30 66.00 51.38 69.60 28.86 12.89 53.70 51.90
20 Questions 76.25 63.67 64.99 85.50 20.49 19.59 55.81 55.19
Guess My City 90.28 53.17 53.28 91.30 26.17 15.54 43.88 53.37

Taboo 84.04 68.17 66.96 95.40 17.99 17.45 45.25 56.47
RSA 88.30 68.83 56.00 88.70 10.36 18.51 65.09 56.54
Taboo + RSA 76.06 72.00 64.92 97.60 11.76 29.18 49.11 57.23

Qwen3-14B

- 95.28 36.33 80.92 13.10 10.61 82.68 85.30 51.49
20 Questions 93.66 36.83 77.79 6.40 10.93 78.14 81.88 55.09
Guess My City 94.60 36.67 71.55 9.10 11.04 80.00 83.70 55.24

Taboo 93.42 26.33 87.22 20.80 10.59 86.17 81.67 58.03
RSA 94.44 39.67 85.20 16.40 10.47 78.74 84.58 58.50
Taboo + RSA 93.70 41.50 85.04 31.80 11.56 80.44 82.68 60.96

Table 1: Cross-dataset SFT performance on γ-Bench. “-” denotes no additional training dataset.

Figure 4: Method performance on Cooperative RSA.

In summary, Cooperative RSA and Competitive
Taboo offer three key advantages for model evalua-
tion and training: (1) they provide graded difficulty
that effectively discriminates between model capa-
bilities, (2) they require deep reasoning about coun-
terpart actions, i.e., capabilities central to human-
like intelligence, and (3) they maintain sufficient
performance headroom for continued improvement.
These properties make RSA and Taboo particularly
well-suited for advancing collaborative and com-
petitive reasoning in language models.

In-Domain Evaluation. We evaluate LLM per-
formance by having pairs of models play the game
of Cooperative RSA and Competitive Taboo using
an evaluation set of 1K instances. For RSA, we
report the average conversation reward computed
by Equation (9) and scaled by a factor of 100, av-
eraging results across all model pairings. Figure 4
shows the results. (1) Results involving GRPO
and GR.FoPO are not reported, as these methods
often experience a collapse in token probabilities
when trained on RSA, preventing meaningful eval-
uation; GRPO has also been reported to be less
stable than PPO in prior works (Xue et al., 2025;

Figure 5: Method performance on Competitive Taboo.

Jin et al., 2025). However, this phenomenon does
not occur in Taboo. We hypothesize this stems
from differences in return semantics: Taboo returns
reflect binary task completion, whereas RSA re-
turns measure continuous cooperation quality. This
causes GRPO’s advantages to penalize successful
trajectories that achieve sub-optimal rationality
erroneously, as they receive below-mean returns
and negative advantages. This issue can be ex-
acerbated by the vast dialogue trajectory space,
where limited sampling leads to increased unreli-
ability. (2) Including a model trained with FoPO
increases the conversation reward, indicating that
FoPO enhances cooperative strategic reasoning in
LLMs. Notably, the improvement is slightly more
pronounced when the FoPO model assumes the role
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Training Set Backbone Method Guessing Bar Dollar Diner Auction Battle Pirate Avg.

RSA

Llama-3-8B-Instruct

ICT 86.64 68.17 51.38 72.20 10.09 19.08 67.08 53.52
PPO 83.16 67.67 55.23 89.70 10.41 21.57 65.35 56.16

ArCHer 87.88 67.17 58.34 88.10 10.43 19.35 66.82 56.87

FoPO 89.59 67.83 60.36 89.10 11.30 29.42 67.40 59.29

Qwen3-14B

ICT 94.24 36.33 84.24 13.70 10.61 74.66 81.85 56.52
PPO 94.27 49.67 81.12 27.00 10.21 78.75 84.12 60.73

ArCHer 94.25 47.67 76.91 16.60 10.96 88.04 86.07 60.07

FoPO 94.87 50.00 88.97 20.30 10.94 82.82 86.15 62.01

Taboo

Llama-3-8B-Instruct

ICT 83.89 66.67 59.32 95.71 16.42 16.32 44.40 54.68
PPO 83.25 67.17 69.75 95.30 17.31 17.67 46.25 56.67

GRPO 82.99 69.00 68.82 96.10 20.31 18.78 47.40 57.63
ArCHer 84.48 67.33 65.81 94.70 16.70 18.05 48.62 56.53

FoPO 84.30 69.33 71.65 95.20 20.84 24.60 47.96 59.13
GR.FoPO 84.57 71.67 66.46 94.70 18.51 29.09 49.57 59.22

Qwen3-14B

ICT 91.98 30.50 78.68 18.60 11.41 76.48 81.18 55.55
PPO 93.83 38.50 79.10 22.50 11.38 91.17 82.87 59.91

GRPO 93.85 34.50 80.33 22.80 11.31 89.36 82.41 59.22
ArCHer 93.71 37.00 84.42 26.70 11.06 89.00 80.29 60.31

FoPO 93.85 35.33 92.30 26.90 11.36 86.76 85.10 61.66
GR.FoPO 93.62 35.33 87.25 24.70 11.82 93.50 84.25 61.50

Taboo + RSA

Llama-3-8B-Instruct

ICT 77.13 71.13 62.81 91.80 11.96 22.94 46.16 54.85
PPO 78.29 72.00 60.99 97.80 12.51 25.80 49.58 56.71

ArCHer 78.78 73.83 57.17 93.40 10.35 21.49 46.19 54.46

FoPO 80.47 72.83 64.61 98.40 13.27 32.94 58.05 60.08

Qwen3-14B

ICT 92.39 40.33 84.24 32.30 11.22 79.54 83.21 60.46
PPO 93.88 43.83 85.79 32.40 11.73 84.00 83.07 62.10

ArCHer 93.83 42.00 80.15 30.10 11.16 80.67 85.77 60.53

FoPO 94.12 52.33 87.85 32.70 11.76 87.29 84.04 64.30

Table 2: Cross-method and cross-dataset performance on γ-Bench.

of the listener. It is because listener-side rational
inference plays a decisive role in disambiguating ut-
terances and recovering the speaker’s intent, which
is also observed in prior work (Yuan et al., 2018).

In Taboo, we report each model’s win rate as
both attacker and defender. From Figure 5: (1)
Our FoPO and GR.FoPO substantially outperform
other methods, demonstrating their effectiveness
in enhancing competitive strategic reasoning. (2)
The foresight-based correction can be seamlessly
integrated into PPO-style methods without com-
promising their original benefits. This is evident
from the fact that GRPO outperforms PPO, and
the advantage is maintained when the correction is
applied: GR.FoPO continues to outperform FoPO.

Out-of-Domain Evaluation. We adopt the
widely used γ-Bench (Huang et al., 2025) for
out-of-domain evaluation. It is a prompt-based,
data-free benchmarking framework designed to
assess LLM performance in multi-agent environ-

ments through classical game-theoretic scenarios
that emphasize strategic interactions and decision-
making. We select seven tasks that specifically
highlight settings in which agents aim to maximize
their individual utility. Each model is evaluated
over five runs per task, and we report the aver-
age score, following (Huang et al., 2025). Table 1
presents results for models trained via SFT on dif-
ferent datasets. Higher scores indicate better per-
formance, and bold values highlight the greatest
improvements over the corresponding backbone
model. In most tasks, the highest score is achieved
by a model trained on our dataset. Moreover, Co-
operative RSA demonstrates greater effectiveness
than Competitive Taboo, likely due to its stronger
emphasis on modeling the counterpart’s reasoning.
Notably, models trained on both datasets achieve
the best performance across tasks. Overall, the
models trained on our curated datasets consistently
achieve better performance, validating that our
dataset curation contributes to LLMs’ strate-
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gic reasoning.
Table 2 shows comparison results across algo-

rithms. We observe that ICT’s performance drops
consistently, indicating that the improvements ob-
served in baseline algorithms are primarily due
to reward-based learning rather than patterns in
the training data. All RL algorithms improve
performance on Competitive Taboo. However,
PPO (Llama-3-8B-Instruct) underperforms when
trained on Cooperative RSA or both, and ArCHer
(Llama-3-8B-Instruct and Qwen3-14B) underper-
forms when trained on both. This suggests that
these methods struggle to effectively leverage the
Cooperative RSA reward, which signals the success
of cooperation. In contrast, the foresight optimiza-
tion employs a more effective strategy that accounts
for both cooperative and competitive rewards, con-
sistently outperforming other methods. These re-
sults demonstrate that models trained with fore-
sight optimization consistently exhibit stronger
strategic reasoning capabilities, regardless of
the training tasks or backbone models used.

6 Conclusion

This work aims to enhance strategic reasoning in
LLMs for multi-agent interactions. We identify
the foresight nature of strategic reasoning and pro-
pose FoPO, a novel algorithm that optimizes for
both self-oriented outcomes and anticipated coun-
terpart actions. Considering the limitations of ex-
isting datasets in strategic reasoning, we curate
two new datasets: Cooperative RSA and Compet-
itive Taboo. We finetune LLMs using FoPO in
a self-play framework with our datasets. Experi-
mental results prove that our datasets and approach
effectively enhance the strategic reasoning capabil-
ities of LLMs. This work paves the way for more
sophisticated, forward-thinking AI systems capa-
ble of high-stakes collaboration and competition in
real-world scenarios.
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Limitations

Our work makes deliberate design choices to en-
able systematic investigation of the enhancement
of strategic reasoning. We focus on linguistic
strategic reasoning through dialogue-based tasks,
demonstrating that LLMs can develop sophisti-
cated strategic capabilities without relying on ex-
ternal symbolic modules or game-theoretic solvers.
Our datasets target fundamental interaction mo-
tives, cooperation, and competition, which provide
clear training signals while enabling generalization
to mixed-motive scenarios, as demonstrated in our
out-of-domain evaluation.

Several promising directions for future work
emerge. First, extending our framework to incor-
porate explicit world state representations could
enable strategic reasoning in complex multi-agent
environments beyond dialogue. Second, while our
datasets cover foundational interaction patterns,
exploring additional scenarios would further val-
idate the generality of our approach, such as ne-
gotiation (balancing cooperation and competition)
(Hua et al., 2024), and multi-party interactions (Ki
et al., 2025) (involving mixed motives among mul-
tiple agents). Finally, investigating the interplay
between strategic reasoning and other cognitive ca-
pabilities (e.g., long-term planning (Wang et al.,
2025a; Song et al., 2023), theory of mind (Xiao
et al., 2025), mental support (Wang et al., 2024))
presents an exciting research direction.
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A FoPO Derivation

The gain of agent 1 can be represented by the sur-
rogate objective O1(Agent 1,Agent 2), which de-
pends on both agents’ strategies. A core idea in
FoPO is that agent 1 should take an action that
not only maximizes its final reward based on the
current generated action, but also anticipates and
responds to how agent 2 might change its behavior
after its own optimization. Following opponent
learning, we aim to maximize the “foresight gain”:

O1
(
π(prompt1, θ), π(prompt2, θ +∆θ)

)
, (11)

where ∆θ is the direction in which agent 2 updates
its policy during optimization.

Assuming ∆θ is small, we can apply a first-order
Taylor expansion with respect to the second argu-
ment:

O1(θ, θ +∆θ) ≈ O1(θ, θ)

+ (∆θ)⊤∇θ2O1(θ, θ2)
∣∣∣
θ2=θ

,
(12)

where the notation O1(θ1, θ2) represents agent
1’s value when the two agents use policy parame-
ters θ1 and θ2, respectively. The agent 2’s update,
given the foresight weight η, is:

∆θ = η∇θ2O2(θ, θ2)
∣∣∣
θ2=θ

, (13)

Substituting this into the Taylor expansion and
differentiatingO1(θ, θ+∆θ) with respect to θ, we
obtain the FoPO update rule:

θt+1 ← θt + α∇θO1(θ, θ)

+ αη
(
∇θ2O1(θ, θ2)

)⊤∇θ∇θ2O2(θ, θ2)
∣∣∣
θ2=θ

.

(14)

Unlike prior opponent modeling approaches (Fo-
erster et al., 2018; Prajapat et al., 2021), we delib-
erately truncate the dependency of ∇θ2O1(θ, θ2)
on θ1. This design choice allows us to focus on
the forward influence: how self’s current behav-
ior shapes the counterpart’s subsequent policy up-
date, and how this adapted policy then affects self’s
future returns. Instead of differentiating through
the opponent’s learning rule, we compute this in-
fluence via the forward chain rule, avoiding the
need to backpropagate through the counterpart’s
gradient computation and thus eliminating the re-
quirement for mixed Hessian terms ∂2O1

∂θ1∂θ2
. This

approach sidesteps the prohibitive computational
costs and complexity that characterize previous op-
ponent modeling methods, making it well-suited
for enhancing the strategic reasoning of LLM-
based agents.

Table 3 provides the interpretation of each term
in Equation (14). Finally, the FoPO updates the
parameters by

θt+1 ←θt + α∇θr
1
t (θ)Â

1,clip
t

+αη
[
r1t (θ)Â

1,clip
t ∇θr

2
t+1(θ)

]⊤
︸ ︷︷ ︸

Sensitivity of O1 to 2

∇θr
1
t (θ)∇θr

2
t+1(θ)Â

2,clip
t+1︸ ︷︷ ︸

Effect of 1 on O2

.

(15)

When the KL divergence term is included, the
formulation becomes equivalent to Equation (7).
Although FoPO is applicable to agents with differ-
ing parameters, our approach focuses on enhancing
LLMs’ strategic reasoning via self-play.
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Term Representation Interpretation

∇θO1(θ, θ) ∇θr
1
t (θ)Â

1,clip
t

The standard policy gradient of agent
1, representing local improvement of
its own return.

∇θ2O1(θ, θ2)

∇θ2

(
r1t (θ)r

2
t+1(θ)Â

1,clip
t

)

= r1t (θ)∇θ2r
2
t+1(θ)Â

1,clip
t

θ2=θ−−−→ r1t (θ)∇θr
2
t+1(θ)Â

1,clip
t

Measures how agent 1’s gain changes
in response to updates in agent 2’s
policy parameters.

∇θ∇θ2O2(θ, θ2)

∇θ∇θ2

[
r1t (θ)r

2
t+1(θ)Â

(2,clip
t+1

]

= ∇θr
1
t (θ)∇θ2r

2
t+1(θ)Â

(2,clip
t+1

θ2=θ−−−→ ∇θr
1
t (θ)∇θr

2
t+1(θ)Â

(2,clip
t+1

Reflects how agent 2’s learning dy-
namics are influenced by agent 1’s
policy.

Table 3: Interpretation of each term in the FoPO update.

B Cooperative RSA

B.1 Game Rules

The Cooperative RSA game is a multi-turn inter-
action between a speaker and a listener. Both
agents share an object list O = {o1, . . . , oN},
where each object has M binary-valued features
F = {f1, f2, . . . , fM}. The speaker refers to a
target object ô by revealing one feature per turn,
while the listener responds with a subset of objects
consistent with the received feature. The game suc-
ceeds if the listener isolates ô as a singleton set
and fails if the target is ever excluded. This setup
encourages pragmatic reasoning: the speaker must
select informative features strategically, and the lis-
tener incrementally refines its hypotheses. More
efficient interactions, requiring fewer turns, reflect
stronger alignment and reasoning capabilities.

B.2 Bayesian Inference

The behaviors of rational speakers and listeners are
modeled via a Bayesian process. We divide the
interaction at the t-th and (t+ 1)-th turns into the
speaker and listener sides.

Speaker At turn t, the speaker evaluates each
feature fm(ô) of the target object ô given candidate
objects O(t). The literal speaker assumes a uniform
prior over objects containing the specific feature
fm(ô):

PL1(on | f̂ (t), O) =

{
|f̂ (t)|−1, on ∈ C,

0, otherwise.

The rational speaker applies Bayesian inference to
calculate the posterior for feature fm(ô)

PL0(on |fm(ô), O(t)) =

P (fm(ô) | on, O(t))P (on)∑
o∈O(t) P (fm(ô) | o,O(t))P (o)

,

with likelihood:

P (fm(ô) | ô, O(t)) =
|fm(ô)|−1

∑
f∈F |f |−1

,

where |f | is the number of objects in O(t) possess-
ing feature f .

For each feature, the target rank is

rankfm(ô)(ô) = |{on ∈ O(t) :

PL0(on | fm(ô), O(t)) ≥ PL0(ô | fm(ô), O(t))
}∣∣∣

The speaker selects the feature with the highest
discriminability:

f̂ (t) = arg min
m=1,...,M

rankfm(ô)(ô).
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Listener At turn (t + 1), the listener observes
f̂ (t) and updates its posterior:

PL1(on | f̂ (t), O(t))

=
P (f̂ (t) | on, O(t))P (on)∑
o∈O(t) P (f̂ (t) | o,O(t))P (o)

,

with the same likelihood as above.
To model pragmatic inference, the listener simu-

lates the speaker’s choice:

1. For each on ∈ O(t) with f̂ (t) ∈ on, compute
features F (on).

2. Simulate the speaker selecting the most infor-
mative feature:

f∗
on = arg max

f∈F (on)
PL0(on | f,O(t)).

3. Retain on if f∗
on = f̂ (t).

The listener’s belief set BeliefSet(f̂ (t)) is formu-
lated as

{
on ∈ O(t)

∣∣∣ f̂ (t) ∈ on and f∗
on = f̂ (t)

}
.

The next candidate set is O(t+2) is

arg max
on∈BeliefSet(f̂ (t))

PL1(on | f̂ (t), O(t)).

If only one object remains, it is returned as the final
selection.

B.3 Example in Figure 2

Consider the example in Figure 2, where the object
set is O = {dry-blue-smooth-square, wet-green-
rough-square, wet-green-smooth-square, wet-blue-
smooth-circle, wet-blue-smooth-square, dry-blue-
rough-circle, dry-blue-rough-square, dry-blue-
smooth-circle}, with target object ô = o8 = dry-
blue-smooth-circle. Let the features be moisture,
color, texture, and shape.

Speaker Calculation First, The speaker evalu-
ates each feature fm(ô) to choose the most infor-
mative one:

(1) Moisture = dry: occurs in {dry-blue-
smooth-square, dry-blue-rough-circle, dry-blue-
rough-square, dry-blue-smooth-circle}.

P (dry | o1, O) =
1
4

1
4 + 1

6 + 1
5 + 1

5

=
15

49

P (dry | o6, O) =
1
4

1
4 + 1

6 + 1
3 + 1

3

=
3

13

P (dry | o7, O) =
1
4

1
4 + 1

6 + 1
3 + 1

5

=
15

57

P (dry | o8, O) =
1
4

1
4 + 1

6 + 1
3 + 1

5

=
15

57

P (ô1 | dry, O) =
15
49

15
49 + 3

13 + 15
57 + 15

57

P (ô6 | dry, O) =
3
13

15
49 + 3

13 + 15
57 + 15

57

P (ô7 | dry, O) =
15
57

15
49 + 3

13 + 15
57 + 15

57

P (ô8 | dry, O) =
15
57

15
49 + 3

13 + 15
57 + 15

57

The rank of the target object would be the second,
sharing the spot with one other object (dry-blue
-rough-square).
(2) Color = blue: occurs in {dry-blue-smooth
-square, wet-blue-smooth-circle, wet-blue-smooth
-square, dry-blue-rough-circle, dry-blue-rough
-square, dry-blue-smooth-circle}. The ranking of
the target object is the third, sharing the spot with
one other object (wet-blue-smooth-circle).
(3) Texture = smooth: occurs in {dry-blue
-smooth-square, wet-green-smooth-square, wet
-blue-smooth-circle, wet-blue-smooth-square, dry
-blue-smooth-circle}. The ranking of the target
object is third, sharing the spot with one other
object (wet-blue-smooth-circle).
(4) Shape = circle. occurs in {dry-blue-
smooth-square, wet-green-rough-square, wet-
green-smooth-square, wet-blue-smooth-square,
dry-blue-rough-square}. The ranking of the target
object is one of the first, sharing the spot with one
other object (wet-blue-smooth-circle).
By comparing the above rankings, a rational
speaker would select the most informative feature,
which is “Shape=circle,” in the first turn.

Listener Calculation At the second turn, the lis-
tener observes f̂ (t) =“Shape=circle.” First, com-
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pute the prior (literal posterior) for each object:

PL1(on | f̂ (t), O) =

{
|f̂ (t)|−1, on ∈ C,

0, otherwise.

C = {
dry-blue-smooth-circle,

wet-blue-smooth-circle,

dry-blue-rough-circle

}

A rational listener simulates the speaker’s choice
among each candidate in {dry-blue-smooth-circle,
wet-blue-smooth-circle, dry-blue-rough-circle} is
as follows:

For the first object (1) dry-blue-smooth-circle:
If the speaker wants to refer to the object dry-blue-
smooth-circle, it is most likely that the speaker
would say “circle.” “Circle” matches the speaker’s
utterance. Therefore, dry-blue-smooth-circle is re-

tained in BeliefSet(d̂ry
(t)
). Refer to the previous

section for the calculation process. (2) wet-blue-
smooth-circle: Similar to the previous calcula-
tion, to refer to this object, the speaker should have
said “circle.” “Circle” matches the speaker’s ut-
terance. Therefore, wet-blue-smooth-circle is re-
tained in BeliefSet(d̂ry

(t)
). (3) dry-blue-rough-

circle: Similar to the previous calculation, to refer
to this object, the speaker should have said “rough.”
“Rough” does not match the speaker’s utterance.
Therefore, dry-blue-rough-circle is not retained in

BeliefSet(d̂ry
(t)
). Then, the candidate set is

O(t+2) = BeliefSet( ˆcircle
(t)
)

= {dry-blue-smooth-circle,

wet-blue-smooth-circle}.
(16)

B.4 Speaker & Listener Foresight

In the cooperative RSA game, the speaker’s fore-
sight can be naturally modeled via Bayesian infer-
ence as formulated in RSA, whereas the listener’s
foresight is more complex. As described in Ap-
pendix B.2, a rational listener reasons based solely
on the speaker’s behavior in the previous turn, im-
plicitly assuming the speaker is rational. In prac-
tice, however, the listener cannot be certain of the
speaker’s rationality and must therefore account for
multiple possible courses of the speaker’s future
actions. This process is illustrated in Figure 6.

Object Set: ① dry-blue-smooth-square ② wet-
green-rough-square ③ wet-green-smooth-square ④
wet-blue-smooth-circle ⑤ wet-blue-smooth-square
⑥ dry-blue-rough-circle ⑦ dry-blue-rough-square 
⑧ dry-blue-smooth-circle
Target Object: dry-blue-smooth-circle

Speaker

Hmm… let me give you a good 
hint. The target object is circle.

Listener

It can be “dry-blue-smooth-circle,” 
“wet-blue-smooth-circle” or “dry-
blue-rough-circle.”

Speaker
The next cue is dry.

Listener

Got it. I know the target object! It 
is the “dry-blue-smooth-circle.”

?

If the speaker is rational, the target 
is one of {dry-blue-smooth-circle, wet-

blue-smooth-circle}. Otherwise, dry-blue-
rough-circle should also be included. 

Either way, it makes no difference for a 
rational speaker.

Figure 6: PPO optimized the self policy (π1) in isolation,
while FoPO introduces foresight into the future updates
of the counterpart Policy (π2).

B.5 Data Construction

The data construction pipeline can be summarized
as: (Feature Pair Bank Construction, Objective Ma-
trix and Object Construction)→ Dialogue Chain
Computation→ LLM-based Dialogue Generation.
Each step is illustrated as follows:

Feature Pair Bank Construction We first con-
struct a curated set of binary feature pairs, each rep-
resenting a minimal semantic contrast (e.g., smooth
vs. rough, graceful vs. clunky). This bank is par-
titioned into two disjoint subsets to prevent data
leakage between training stages.

• SFT Feature Pair Bank: A set of 86 pairs
used to generate polished dialogue for super-
vised fine-tuning.

• RL Feature Pair Bank: A set of 25 pairs
used exclusively to construct ranking-based
preference data for reinforcement learning.

This separation ensures a clean experimental
boundary between learning phases, as the RL com-
ponent does not optimize on features the model has
already seen during supervised training.

Objective Matrix and Object Construction
Each matrix in our system encodes a semantic map-
ping between feature dimensions and a set of can-
didate referents. An entry of 1 indicates that a
referent shares the same value as the target referent
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for a given feature, while 0 denotes a mismatch.

Mi,j =

{
1, referent i matches target on feature j

0, otherwise

We generate a large pool of such binary matrices
with varying shapes, denoted as m × n, where
n is the number of candidate referents and m is
the number of features. To evaluate the reasoning
depth required to resolve each matrix, we simulate
golden dialogues using Rational Speaker and Lis-
tener models. This allows us to annotate each ma-
trix with the number of rounds required to uniquely
identify the target referent through pragmatic infer-
ence. These selected matrices, along with features
from the feature pair bank, are then used to con-
struct the object list and specify the target object
for each dialogue task.

Dialogue Chain Computation Using the con-
structed object list and the target object, we employ
the RSA model, illustrated in Appendix B.2, to
compute the optimal dialogue chain. This process
involves iterative pragmatic inference, where a ra-
tional speaker chooses an utterance that maximally
reduces the listener’s uncertainty about the target
object, and a rational listener updates their belief
distribution accordingly. The output is a sequence
of features and object sets updates representing the
most efficient path to identifying the target.

LLM-based Dialogue Generation The final step
is to use an LLM to translate the computed dialogue
chain into a natural, conversational format. The
LLM takes the structured output of the Bayesian
computation as input and generates a realistic dia-
logue that mirrors the pragmatic choices and rea-
soning depth of the chain, thereby creating a rich
dataset for training and evaluation. In this process,
we employed four prompts, with one representative
example shown below:

Representative RSA Conversation Generation Prompt:

You’re awesome at making dialogue sound natural
and conversational! I need your help turning this
robotic dialogue into something that feels like real
people chatting.

Scenario Overview:
- This is a guessing game: the Speaker describes an
object, and the Listener tries to guess what it is.
- The target object the Speaker is referring to is:
{target_referent}.
- The Listener needs to figure out what object the Speaker
means, using this format when they finally guess: “I
know the target object. It is ...”
- Here are all the possible objects being referred to:
{referent_set}.

Original dialogue:
{dialogue}

This dialogue serves as the backbone of your
refined version. Your task is to revise it to a
real-world conversation, while maintaining the basic
contents: the feature or the object(s).

Transform the original dialogue to sound friendly,
casual, and human, while keeping the structure and
meaning the same. Instructions for the generated
dialogue:
1. Keep the same number of lines, turns, and speakers
as the original.
2. Each casual line must match the original’s meaning
and content, just in a more natural tone.
3. Make it sound like real people chatting—relaxed,
informal, and friendly.
4. Use casual phrases, natural pauses, filler words
(like “um,” “you know”), and everyday language.
5. Keep each line around 70 words—brief, but with a
conversational feel.

Output Format:
Just give me the improved dialogue in this exact format:
Speaker: [Casual version]
Listener: [Casual version]
Speaker: [Casual version]
Listener: [Casual version]
...

min_conv #(features)
0

0.5

1

conv_turn tconv

R
R

SA

γ = 1

γ = 2

γ = 0.5

Figure 7: Higher γ leads to stronger penalties for ex-
ceeding optimal turns.

B.6 Game Reward

The reward in Cooperative RSA is strongly affected
by the parameter γ, as shown in Figure 7. Values
of γ > 1 strongly encourage agents to complete
the game in fewer turns, whereas γ < 1 offers a
more moderate incentive.

C Experiment

C.1 Comparison Models

To prove the effectiveness of FoPO, we consider
the following comparison methods: (1) ICT (An
et al., 2023): In context learning augments each
training instance with k in-context demonstrations
and trains with next-token cross-entropy, distilling
demonstration patterns into the model parameters.
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Backbone Training Set Method Guessing Bar Dollar Diner Auction Battle Pirate Avg.

Llama-3-8B-Instruct
20 Questions

SFT 76.25 63.67 64.99 85.50 20.49 19.59 55.81 55.19
PPO 78.67 64.35 64.89 87.34 27.89 13.18 57.30 56.23
FoPO 79.59 65.00 64.81 91.00 28.24 11.62 58.26 56.93

Guess My City
SFT 90.28 53.17 53.28 91.30 26.17 15.54 43.88 53.37
PPO 90.89 55.83 53.39 91.50 26.18 14.19 42.58 53.51
FoPO 89.79 55.92 55.37 91.71 26.13 17.65 45.67 54.61

Qwen3-14B
20 Questions

SFT 93.66 36.83 77.79 6.40 10.93 78.14 81.88 55.09
PPO 93.66 35.41 74.13 8.00 10.10 83.11 85.33 55.68
FoPO 94.59 33.50 77.86 9.40 10.87 86.90 92.17 57.90

Guess My City
SFT 94.60 36.67 71.55 9.10 11.04 80.00 83.70 55.24
PPO 94.70 38.48 77.18 8.70 10.69 82.32 83.17 56.46
FoPO 94.69 42.00 94.52 9.20 11.24 76.58 84.07 58.90

Table 4: PPO and FoPO Performance on γ-Bench with deductive reasoning training

Backbone Guessing Bar Dollar Diner Auction Battle Pirate Avg.

GPT-4.1 95.15 35.83 93.12 24.80 13.24 35.00 94.92 56.01
DeepSeek-V3.2 94.83 26.67 96.65 5.72 13.26 64.68 99.90 57.39

Table 5: GPT-4.1 and DeepSeek-V3.2 Performance on γ-Bench

This baseline is included to assess whether the ob-
served improvements stem from learning from re-
wards or from conversation patterns in the training
data. We include this baseline to prove that SFT
models are fully trained. (2) PPO (Schulman et al.,
2017): We include PPO since our FoPO method
builds upon it, allowing us to isolate the effect
of the foresight-oriented correction in FoPO. (3)
ArCHer (Zhou et al., 2024): This is a hierarchical
RL algorithm, where a high-level RL algorithm is
used to train a value function that aggregates re-
wards over entire utterances and a low-level RL
algorithm then leverages this high-level value func-
tion to train a token-by-token policy. Due to the
high-level RL, the model can plan across utterances
and guide the low-level policy with broader con-
versational objectives. We include it to compare
its explicit long-term planning capability with the
explicit counterpart foresight offered by FoPO. (4)
GRPO (Shao et al., 2024): We further apply the
foresight optimization on top of GRPO to demon-
strate the generalizability of our proposed method.

C.2 Training Datasets

When fine-tuning models on 20 Questions and
GuessMyCity, we randomly sampled 2,300 conver-
sations from each dataset to ensure a comparable
number of training steps, and additional 240 in-
stances (keywords or cities) for further RL in both
tasks for the same purpose.

C.3 Training Details

To improve training efficiency, we applied
LoRA (Hu et al., 2022) during SFT and subse-
quently merged the LoRA parameters into the back-
bone model. We set the rank as 8, alpha as 16, and
applied the LoRA modules to the query and value
projection layers. We trained the models using the
AdamW optimizer. For SFT, we set the learning
rate α to 5×10−5, the KL regularization coefficient
β to 0.01, and the batch size to 32. For RL and ICT,
the learning rate α was 1× 10−5, β was 0.1, η was
0.1, the reward decay factor δ is 0.8, and the batch
size was 16. Training was performed on 4 NVIDIA
5880 (48GB) GPUs. We employ DeepSpeed ZeRO
Stage 2 (Rajbhandari et al., 2020) to optimize mem-
ory usage and accelerate training. For GRPO, we
sample four trajectories for each instance. For PPO
and FoPO, we follow the GRPO training proto-
col and do not train a critic model. This design
choice enhances training efficiency and facilitates
a more equitable comparison across various policy
optimization methods.

To determine the most suitable value for η,
we evaluated several candidates using a smaller
RL training dataset and Meta-Llama-3-8B-Instruct
SFT models. Specifically, we trained different
FoPO variants with varying η values. With the
SFT model serving as the counterpart policy, we
evaluated each variant via reward on cooperative
RSA and win rate on competitive Taboo. As shown
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Figure 8: Hyperparameter sensitivity of FoPO to the
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Figure 9: Hyperparameter sensitivity of FoPO to the
foresight weight η on competitive Taboo (win rate). η =
0.1 achieves the best performance.

in Figure 8 and Figure 9, η = 0.1 achieves the best
performance across both tasks and was therefore
adopted in all experiments.

C.4 Code Details

To implement FoPO, the typical backward()
pass is replaced by four separate calls to
torch.autograd.grad to compute and assign gra-
dients for each parameter via p.grad = .... By
clearing the computational graph’s cache after each
call, we ensure that GPU memory usage remains on
par with a standard PPO implementation. FoPO’s
total training time is roughly 3–3.5× that of PPO
due to the multiple gradient computations. Com-
pared to PPO, the training time for ArCHer is about
eight times greater. Its memory usage also fluctu-
ates, with a peak consumption that is approximately
twice PPO’s. The datasets themselves will be re-
leased upon acceptance of this work.

C.5 GRPO Fails on Cooperative RSA

Since we observed that GRPO fails on Cooperative
RSA, we investigate whether removing standard
deviation normalization, following DR.GRPO (Liu
et al., 2025), could mitigate the issue. However,
DR.GRPO exhibits identical failure modes: mod-
els still collapse to deterministically outputting a
single token (probability 1.0) at all positions. This
indicates the core problem lies in the mean-based
advantage computation, which becomes unreliable
given the vast dialogue space and limited sampling.

C.6 Out-of-Domain Evaluation

We evaluate FoPO on deductive reasoning tasks.
Specifically, PPO and FoPO were trained on 20
Questions and Guess My City datasets, and their
performance was assessed using γ-Bench. The
results are presented in Table 4. The results in-
dicate that, although FoPO is primarily designed
for strategic reasoning, it can also enhance model
performance when trained on deductive reasoning
tasks. This highlights the ability of foresight opti-
mization to generalize across multiple task types.

For reference, Table 5 reports the performance
of GPT-4.1 and DeepSeek-V3.2, the closed-source
models used for dataset construction. Their results
are comparable to or slightly below those of the
SFT models, yet consistently higher than those of
the vanilla models (Table 1). This suggests that the
structured rules in our data collection pipeline im-
prove dataset quality beyond what purely distilled
data would yield.

D Case Study

D.1 Dataset Cases

Table 6 presents a sample from the Cooperative
RSA dataset, including the conversation chain, with
a minimum of three rounds in the conversation.
Table 7 presents a sample from the Competitive
Taboo dataset, where the target word is “one” and
the winner is the defender.

D.2 FoPO Generation Cases

The generated conversations from the Cooperative
RSA and Competitive Taboo tasks, produced by
FoPO Llama-3-8B-Instruct, are shown in Table 8
and Table 9. In the Cooperative RSA task, the
speaker and listener succeed within the minimum
conversation turns. In the Competitive Taboo task,
the defender won by successfully guessing the tar-
get word.
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Target Object: loud-weak-late-lean
Object List: loud-weak-late-lean, quiet-strong-early-fat, quiet-strong-early-lean, quiet-strong-late-fat, quiet-strong-
late-lean, loud-weak-early-fat, loud-weak-early-lean, loud-weak-late-fat
Chain: [Speaker: loud, Listener: loud-weak-late-lean, loud-weak-early-fat, loud-weak-early-lean, loud-weak-late-
fat, Speaker: late, Listener: loud-weak-late-lean, loud-weak-late-fat, Speaker: lean, Listener: loud-weak-late-lean]

Conversation
Role Turn
Speaker To initiate the identification process, I would like to highlight the attribute “loud” as a salient feature

of the target object. Please consider all candidate objects that possess this particular characteristic
as we proceed with the elimination and selection process.

Listener In response to your specification, I have narrowed the potential candidates to the following objects,
each of which is characterized by the attribute “loud”: (’loud, weak, late, lean’), (’loud, weak, early,
fat’), (’loud, weak, early, lean’), and (’loud, weak, late, fat’).

Speaker Building upon the previous description, I would now like to specify that the target object is further
distinguished by the attribute “late.” Kindly refine your consideration to those objects which
simultaneously exhibit both “loud” and “late” as defining features.

Listener Taking into account your most recent clarification, I have reduced the set of plausible candidates
to two objects: (’loud, weak, late, lean’) and (’loud, weak, late, fat’), both of which possess the
attributes “loud” and “late.”

Speaker To further delineate the target object, I would like to introduce the attribute “lean” as a critical
distinguishing characteristic. This should enable you to identify the precise object among the
remaining options.

Listener Based on the cumulative information you have provided—specifically, the attributes “loud,” “late,”
and “lean”—I am confident in my assessment. I know the target object. It is (’loud, weak, late,
lean’).

Table 6: A data instance from the Cooperative RSA dataset.

Target Word: One
Conversation

Role Turn
Attacker If you had to choose a number that symbol-

izes unity or the beginning of a sequence,
which would you pick?

Defender I would probably select something straight-
forward, perhaps the initial digit used when
counting.

Attacker That makes sense! Often, when people start
counting out loud, what’s the first thing they
typically say?

Defender When people start counting out loud, they
usually say the very first numeral, often used
as the starting point for sequences.

Attacker Consider numbers that are often viewed as
singular or representing individuality—what
digit comes to mind first?

Defender I know the word! It is “one!”

Table 7: A data instance from the Competitive Taboo
dataset.

E LLM Agent Prompts

E.1 Task Prompts

For each task, we prepare a set of prompts, from
which a single prompt is randomly selected dur-
ing training. Notably, the prompts for Competi-
tive Taboo are also used to generate conversations
for the corresponding dataset. We provide several
representative prompts here, while the full set is
included in the code.

For the Cooperative RSA task, the following
prompt was among those used in the implementa-

Target Object: muted-rough-soggy-no-bumpy
Object List: muted-rough-soggy-no-bumpy, echoing-
smooth-crisp-yes-flat, echoing-smooth-crisp-no-bumpy,
echoing-smooth-soggy-yes-bumpy, muted-rough-crisp-
no-bumpy

Conversation
Role Turn
Speaker I’m thinking of something that feels rough to

the touch.
Listener Okay, so that could be either the one that’s

muted, rough, soggy, and no, or the one that’s
muted, rough, crisp, and no, but bumpy.

Speaker And to narrow it down, it’s definitely soggy.
Listener I know the target object. It is muted, rough,

soggy, and no, bumpy.

Table 8: FoPO (Llama-3-8B-Instruct) generated Coop-
erative RSA conversation.

tion:

Representative Cooperative RSA Task Prompt:

Embark on the collaborative challenge of the
Rational Speech Act Game, where players assume the
roles of either speaker or listener.

The speaker enters the game with a covertly
assigned target object, while the listener starts
without knowledge of this object. The speaker’s goal is
to effectively guide the listener toward identifying
the target object, thereby securing victory. However,
there’s a rule: the speaker may only provide one
feature per turn.

Simultaneously, the listener’s task is to deduce the
target object and present possible target referent
objects at each turn. The listener benefits from the
ability to suggest multiple possible target referent
object sets during their turn. If the listener
identifies the target object, they can declare “I know
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Target Word: Appetency
Conversation

Role Turn
Attacker Let’s begin. Imagine you’re at a restaurant,

and you’re trying to decide what to order.
What’s the first thing you think about?

Defender I think about what type of food I’m in the
mood for.

Attacker That’s a great point! Now, what if you were
at a buffet and you’re scanning the options?
What’s the first thing you consider when
choosing what to eat?

Defender I consider what’s visually appealing and what
looks fresh.

Attacker That’s a good strategy. Now, let’s think about
the first stage of the digestive process. What’s
the term for the desire or craving for food?

Defender I know the word! It is “appetency.”

Table 9: FoPO (Llama-3-8B-Instruct) generated Com-
petitive Taboo conversation, where the FoPO Defender
is the winner.

the target object! It is ‘target object‘!”

During each turn, the speaker should carefully
choose a feature of the target object that delivers
the most valuable information to the listener, while
the listener adjusts their possible target referent
objects based on the previous turn’s information.

Remember, the listener can only update their
referent set from the previous turn’s guess; they
cannot add new referents.

The scoring framework rewards efficiency: the
fewer turns required to identify the target object,
the higher the score achieved.

For Competitive Taboo, the following prompt
was used in the implementation:

Representative Competitive Taboo Task Prompt:

Play the game of Adversarial Taboo. In this
game, there are two players, an attacker and a
defender.

At the beginning, the attacker is assigned a target
word, with which the defender is not informed. The
task of the attacker is to induce the defender to utter
the target word unconsciously, and then the attacker
wins the game. However, the attacker is not allowed
to utter the target word; otherwise, the attacker loses.

At the same time, the defender tries to figure
out the target word. If the defender identifies the
target word, he can say “I know the word! It is
‘target word‘!”. Then the defender wins. Remember, the
defender can only guess the word once; otherwise, he
will directly lose the game.

The game has {max_turns} turns. if nobody wins
during {max_turns} turns, there is a tie.

E.2 Role Prompts

Cooperative RSA. In the task of Cooperative
RSA, the prompts for the speaker and the listener
are as follows:

Speaker Prompt:

### Instruction: You are the pragmatic rational
speaker. The target object is ‘{target}’ and the
object list is ‘{object_list}’. Provide your response,
including the object feature.

### Response:

Listener Prompt:

### Instruction: You are the pragmatic rational
listener. The object list is ‘{object_list}’. Provide
your inferred target object or the possible target
object sets.

### Response:

Competitive Taboo. In the task of Competitive
Taboo, the prompts for the attacker and the de-
fender are as follows:

Attacker Prompt:

### Instruction: You are the attacker. The
target word is ‘target‘. Provide your response for the
next turn.

### Response:

Defender Prompt:

### Instruction: You are the defender. Provide
your response to infer the target word.

### Response:
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