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ABSTRACT

Equilibrium learning in mixed cooperative—competitive games remains a central
challenge, as empirical algorithms often become trapped in suboptimal or locally
stable equilibria. Adversarial policies expose vulnerabilities in such equilibria
learned by victim agents through task-irrelevant actions, a problem well studied
in two-agent zero-sum games and only recently extended to multi-agent reinforce-
ment learning (MARL). Existing approaches often overfit to specific scenarios
and lack generalization, considering task-specific vulnerabilities only and requir-
ing millions of interactions to adapt to new settings, which is impractical in real
world. By contrast, transferable MARL methods can generalize across tasks but
focus on overpowering opponents rather than strategically exploiting their weak-
nesses. Here we propose a transferable adversarial policy framework for mixed
cooperative—competitive games that enables zero-shot attacks in previously unseen
scenarios, revealing the existence of shared vulnerabilities in learned MARL poli-
cies and enabling efficient and accurate robustness assessment without training a
separate attack for each policy. Our approach has two key components. First, ad-
versarial tactic acquisition iteratively extracts attack strategies that reliably deceive
victim agents, using large language models (LLMs) during training and Bayesian
inference to weight tactics at test time. Second, adversarial scene decomposition
partitions attack scenarios into smaller, transferable subgames that consistently
elicit adversarial behaviour, based on the interactions between attacker and victim
teams. We provide a convergence proof alongside our approach. Empirically,
we demonstrate adversarial policy transfer in StarCraft II and MAgent across 20
tasks with up to 64 victim agents, varying in number, type and policy. Training
against our attack addresses common vulnerabilities in victim policies and enhances
robustness to subsequent re-attacks.

1 INTRODUCTION

Mixed cooperative-competitive games involve two teams of agents that cooperate internally while
competing against each other (Lowe et al., 2017} Xu et al., 2023} |Carminati et al.| |2022; |Zhang et al.
2022). Such games naturally arise in domains like real-time strategy (e.g., StarCraft II) (Samvelyan
et al.,|2019), swarm robotics (Hiittenrauch et al.,[2019; Batra et al.,[2021)), and team sports simula-
tions (Kurach et al.,|2020). Computing equilibria in these settings is APX-hard, due to the combined
challenges of inter-team competition, intra-team coordination, and partial observability (Celli & Gatti,
2018). Consequently, practical MARL methods often simplify the environment by training against
rule-based opponents (Samvelyan et al., 2019;|Yu et al.|[2022)), or approximate equilibria via self-play
and related game-theoretic techniques (Yang et al., 2018} |Carminati et al., [2022).

Since exact equilibria are rarely achieved, the learned victim policies often get trapped in suboptimal
equilibria, allowing opponents to exploit these weaknesses and gain an undue advantage. This
phenomenon is well-documented in two-agent zero-sum games under the notion of adversarial poli-
cies (Gleave et al.,2020; Wu et al., 2021} |Guo et al., 2021)), where an adversary wins not by changing
the environment but by executing task-irrelevant actions that deceive its opponent, misleading it to act
awkwardly and fail to complete the task. Recent work shows that such adversarial policies also arise
in mixed cooperative-competitive games, extending beyond the two-agent setting (Ma et al., [2024).
However, existing approaches typically require millions of interactions with victim agents during
training, which is impractical for real-world deployment. Moreover, these policies often overfit to
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Figure 1: Comparison between transferable MARL (top) and transferable adversarial policies (bot-
tom). While traditional MARL generally overwhelms opponents through direct confrontation, our
method exploits vulnerabilities in learned policies via strategic, deceptive behavior.

specific victims and fail to exploit structural vulnerabilities that generalize across environments or
policy types. To address this limitation, we propose training transferable adversarial policies that
consistently deceive opponents across tasks with varying agent numbers, victim types, and policy
classes, without additional fine-tuning. While related to transferable MARL
let al} 2022} [Tian et al, [2023)), our approach is distinct: as illustrated in Fig.[T} prior work focuses on
overpowering opponents, whereas we strategically exploit shared vulnerabilities in learned MARL
policies. This leads to victims being scattered and unable to eliminate enemies quickly (Fig. [I), or
even remaining stagnated and not moving or attacking at all (Fig. ), highlighting the ’blind spots” in
the policies.

In this paper, we show that transferable adversarial policies exist in MARL, exposing shared vulnera-
bilities across diverse learned policies. Our method further provides a practical tool for evaluating the
robustness of mixed cooperative—competitive systems, enabling zero-shot deployment: once trained,
the adversary can be applied directly to unseen scenarios without additional fine-tuning. We formalize
it as a Bayesian Adversarial Zero-Sum Partially Observable Stochastic Game (BAZS-POSG), where
uncertainty over the environment and victim agents is represented by latent embeddings encoding
the attack tactics. Assuming fixed victim policies (Gleave et al., 2020), this reduces to a Bayesian
Decentralized Partially Observable Markov Decision Process (Bayesian Dec-POMDP), in which
adversarial agents cooperate to exploit the weaknesses of an unknown but fixed victim team.

Since the victim policy is unknown, it is challenging for transferable adversarial policies to exploit
shared weaknesses across different victims. We address this through two components: (1) adversarial
tactic acquisition, which learns generalizable tactics that deceive victims during training and provide
high-level strategic guidance; and (2) adversarial scene decomposition, which partitions each scenario
into smaller transferable subgames that consistently elicit adversarial behavior, offering low-level
tactical guidance. For adversarial tactic acquisition, we leverage a large language model (LLM) to
extract tactics from successful attack trajectories. These tactics serve as ground-truth labels for the
latent embeddings associated with each environment—victim pair and are iteratively refined using
rewards and trajectories from a transferable policy trained on previously proposed tactics. During
each iteration, adversarial agents perform Bayesian inference (Harsanyi, 2004} [Chen et al.}, 2021)) to
infer the LLM-provided tactics and condition their policies accordingly, enabling systematic reuse of
effective strategies. For adversarial scene decomposition, we divide the game into subgames based
on estimated interaction strength, capturing both intra-team cooperation and inter-team competition.
These subgames localize adversarial behavior during transfer, particularly when structural patterns
recur across tasks, thereby improving both generality and training efficiency. Alongside, we also
provide a proof of the convergence of our approach. Empirically, we demonstrate effective adversarial
policy transfer in StarCraft II and MAgent across 20 tasks, involving up to 64 victim agents with
varying numbers, types, and policies. Training against our attack addresses common vulnerabilities
in victim policies and enhances robustness to subsequent re-attacks.

Contributions. Our contributions are two-fold. First, we demonstrate that adversarial policy transfer
in MARL is feasible, revealing shared vulnerabilities across different algorithms and scenarios.
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Second, to enable this adversarial transfer, the adversary infers attack tactics via Bayesian inference,
with optimal attack tactics iteratively refined by LLM. Next, the adversary decomposes new scenarios
into smaller, previously seen subgames, enabling consistent adversarial behavior across tasks.

Related work. Adversarial policies have recently gained attention in MARL as a practical form of
black-box attack that does not require access to victim parameters. In two-agent zero-sum games,
Gleave et al. (Gleave et al.| [2020) introduced adversarial policies that exploit neural policies through
seemingly irrelevant yet deceptive actions. Follow-up work extended this idea to model-based
planning (Wu et al.| [2021)), general-sum settings (Guo et al., [2021), and human-aligned behavior
constraints (Bai et al.l [2025). In cooperative MARL, adversarial behavior is often framed as one
agent undermining its teammates through worst-case actions (Li et al., 2019; |Lin et al.| [2020), leading
the team to suboptimal outcomes (Li et al.,|[2024; 2023a; Nisioti et al., 2021} L1 et al., 2023b). The
most relevant work to ours is SUB-PLAY (Ma et al., 2024}, where the adversary exploits team-level
weaknesses in mixed cooperative—competitive games by controlling an opposing team. However,
existing adversarial policy methods require millions of direct interactions with victim agents, making
them impractical in real-world settings. In contrast, we investigate whether adversarial policies can
be made transferable in MARL, and how they generalize across environments and victim types with
minimal or no direct interaction.

Transfer learning in MARL aims to reuse knowledge across tasks and can be broadly divided into
two categories: network design and task embedding (Tian et al.| [2023). Network design methods
construct architectures that support cross-task generalization (Agarwal et al.| [2020; Hu et al., 2021}
Zhou et al.|[2021; |Zhang et al.| 2023} |Tian et al.| |2023)), including graph-based (Agarwal et al.| | 2020)
and Transformer-based (Hu et al., [2021) population-invariant models, as well as hierarchical decision
structures that capture patterns or skills (Zhou et al., 2021} Tian et al., 2023). Task embedding meth-
ods (Boutsioukis et al.| [2011; Didi & Nitschkel 20165 [Liu et al.l 2019;|Qin et al.l 2022} [Schifer et al.,
2022) instead learn latent representations of tasks to capture similarity. For instance, MATTER (Qin
et al.,2022) assigns each task a basis-vector embedding and employs an explainer network for unseen
tasks, while MATE (Schifer et al.|, 2022) jointly learns the embedding space and explainer parameters.
Although both approaches improve transferability, they typically target rule-based opponents. By
contrast, our method transfers the ability to exploit vulnerabilities in learned policies.

2 PROBLEM FORMULATION

2.1 BAYESIAN ADVERSARIAL ZERO-SUM PARTIALLY OBSERVABLE STOCHASTIC GAME

We formulate our problem as a Bayesian Adversarial Zero-Sum Partially Observable Stochastic
Game (BAZS-POSG). BAZS-POSG extends adversarial policy in multi-agent setting (Littman, [1994;
Ma et al.| |2024) by adding adversarial tactics to be used by adversaries, which serves as a latent
embedding of the game. These embeddings act as unique identifiers that encode uncertainty over
both the environment and the victim policies.

G=WN{T7.,T7.},S5,0,0,A,0,P,R,). )

Here N' = {1,..., N'} is the set of N agents in the game, {7, 7, } partition N agents into two teams,
with {75, T,} CN, T, UT, =N, ToNT, = 0. i € T, denotes the agent is an adversary, i € T,
denotes the agent is a victim. S is the global state space. O = x ;e O" is the observation space of
the agents, with O the observation emission function. A = x;car A’ is the joint action space. O is
the latent embedding that encodes difference in training and testing environments, including agent
type, environment dynamics, efc. P : S X A x © — A(S) is the state transition probability. For
1€ Ty, R: S x Ax O — Ris the shared reward function for the adversaries. For ¢ € 7T, the shared
function for victims is —R, corresponding to the zero-sum setting. v € [0, 1) is the discount factor.

During training the transferable attacker, the embedding of game is sampled from 6 € Op4in, C O,
with Oy,.4;, representing the set of embeddings in training environments. At each timestep ¢, victims
and adversaries observe o! and adds it to their own history hi = [0}, a, ..., 0i]. Then, they make
decisions using the policy of victims 7, (a%|ht,0) and adversaries 7, (a%|ht, ), forming a joint
action a; = X;car{at}. Here, we assume the policy of victims and adversaries condition on the
current embedding 6. The environment proceeds to next state following the transition probability
P(s¢41]8t,a¢,0), and yields reward v = R(st, a,6) for adversaries and —r; for victims. The
objective for adversary is to learn a transferable adversarial policy 7, that maximize r; at test time,
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with type 6 € Oyes¢ C O, while O, represents the set of embeddings in testing environments:

max J(ma) = Eoce,... [E D 7'relso~ po(®).ar ~ [T maClhi,6) TT molnd.0)| |- @
“ t=0 i€Tq JE€Ty

2.2  SIMPLIFICATION: BAYESIAN DEC-POMDP

Motivated by (Gleave et al., 2020; Ma et al.,|2024)), the victim policy is fixed after the embedding 6 is
assigned. Thus, the fixed victim policy can be merged in transition dynamics, resulting the zero-sum
game between adversaries and victims to a cooperative game of adversaries itself. However, the
challenge remains to identify and maximize the objective under unknown test-time environment. We
formalize this as a Bayesian Decentralized Partially Observable Markov Decision Process (Bayesian
Dec-POMDP), defined as a tuple:

ga = <7:1,S, XiGTQOiaO» XiGT,,,Aia @apaaRa ’7>' 3)

where 75, S,0,0, A, ©, R, retain the same meanings as in Equation[2} P, is the transition function
of attackers, defined as Z{aieAi}fzen P(st+1lst,ar) [Lie 7, mo(ag|ht, ), since fixed victim policy
can be treated as a part of environment transitions. In addition, we use the term "environment" to
refer to the joint space of both the environment and the victim throughout the remainder of the paper.

2.3 THREAT MODEL

Based on the challenges above, we further clarify the threat model, including the assumptions and
capabilities of attackers and victims.

Assumption 2.1 (Victim’s assumption.) Victims follow a fixed, well-trained learned policy .,
parameterized by a neural network that remains unchanged during the attack.

The victim policy 7, can be trained under two paradigms. The first trains victims against a fixed, rule-
based opponent (e.g., built-in rule-based Al in StarCraft IT (Samvelyan et al.,|2019)), a mainstream
approach in cooperative MARL (Yu et al., 2022; Rashid et al.,|2018)). The second paradigm trains
victims against another MARL opponent using game-theoretic approaches such as self-play (Yang
et al., [2018; Xu et al.l 2023). While these methods offer theoretical guarantees under idealized
conditions, recent work in two-player zero-sum games shows that adversarial policies can still exploit
them, winning easily by executing task-irrelevant yet deceptive actions (Gleave et al., [2020).

Assumption 2.2 (Attacker’s assumption.) Attackers can train on a set of environments defined by
latent embeddings 8 ~ Oy,4iy, and have assess to global information, following the centralized
training and decentralized execution (CTDE) paradigm (Rashid et al.|[2018)). During testing, attackers
are evaluated on a set of environments that are not observed in training Oy.s; g_ Otrain-

To make transfer attack possible, we assume there exists shared and transferable information between
training and testing. However, we define 6 as a summary of all unknown hyperparameters during
transfer, which remains unknown during both training and testing. Unlike standard assumptions in
adversarial policy (Gleave et al., [2020; Ma et al., 2024}, we assume no interaction with victims for
training in previously unseen scenarios. While similar to the assumptions of transferable MARL, our
attack additionally requires fooling victim agents during transfer, instead of overpowering them.

3 ADVERSARIAL POLICY TRANSFER

In this section, we present our method for adversarial policy transfer in mixed cooperative-competitive
games. In Section[3.1] the attackers perform adversarial tactic acquisition by using an LLM to extract
high-level adversarial tactics in successful attack trajectories during training, and iteratively re-extract
and refine them through subsequent attacks. At test time, attackers infer the optimal tactics via
Bayesian inference to trigger similar vulnerabilities in victim behavior. In Section. [3.2] to enable
attack behavior generalizing across diverse tasks, we introduce adversarial scene decomposition,
which partitions attack scenarios into smaller, transferable subgames, based on inter- and intra-team
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Figure 2: Attackers perform adversarial tactic acquisition by using LLMs to iteratively extract tactics
and learn to approach them via Bayesian inference, enabling consistent tactic inference at test time.
Then they apply adversarial scene decomposition to partition scenarios into transferable subgames
based on inter- and intra-team interaction strength, enabling consistent behavior across tasks.

interaction strength between attackers and victims. This enables local elicitation of adversarial
behavior during transfer, when similar attack structures are presented, providing low-level guidance
for executing adversarial tactics. The training pipeline is illustrated in Fig. [2] with pseudo code in

Appendix [A]

3.1 ADVERSARIAL TACTIC ACQUISITION

Our formulation in Section [2.2) models adversarial transfer in mixed cooperative-competitive games
as a Bayesian Dec-POMDP, where the uncertainty during transfer is represented as latent embeddings.
Unlike prior approaches that attempt to model the environment and agents in full detail, we show that
a compact representation, captured by what we term adversarial tactics, is sufficient. Empirically,
adversaries deceive victims by collectively adopting such tactics during attacks. Examples include
retreat, where adversaries withdraw to lure victims into pursuit, causing their policies to become
dispersed and uncoordinated; and cycling, where adversaries evade firepower through continuous
circling. These tactics reliably succeed against known victims, supporting their use as a sufficient
representation for modeling unknown environments and victims during attacks.

. oy . . . Attacker
We mOdel tactics as a prObablllty dlStrlbU’tlon Prompt: I am training a transferable adversarial policy. Please suggest tactical
A(A), where each element \ c A= {17 s ‘A|} propositions tailored to each training task.

denotes an individual tactic, such as retreat or cy- Attacker J—

. H H Prompt: The following provides detailed information about the training tasks
Cllng' The eI.nb.eddlngS represent the proportlons and a set of successful adversarial trajectories. Please analyze the trajectories and
of tactics within a scenario. Because manually summarize the tactics they reveal. ..

enumerating all possible tactics is infeasible, we

Response: From the trajectories, we observe that xxx consistently occurs. Based

adOpt an LLM-deren approach (F]g. @. For @ on this, I propose the following tactical proposition:

\For env,, tactic; x%, ..., tactic, y%. ... For env,, tactic, a%, ..., tactic, b%.

each training task, we train specialized adversar-
ial policies against victim agents and translate

HIAN

After training the policy with the ground truth tactics provided by LLM...
the resulting trajectories into structured textual (Atacker )
deSCI‘iptiOHS An LLM (Chao et al., 2023} Wang Prompt: Using your previous suggestions, I have trained a policy. The following

: S u g < P includes adversarial trajectories and rewards obtained in each training task. Please
et al. L 2023 ) then summarizes the tactics fI‘Om Krcﬁnc the tactical propositions accordingly. ... )

these adversarial trajectories and outputs their - —
. . Response: Based on the current and previous successful trajectories, we observe

pI‘OpOI‘tlonS across scenarios. We treat these out- @ that xxx occurs consistently. Therefore, I refine the tactical propositions as:

putS as labels SerVing as ground truth embed- \For envy, tactic; x%, ..., tactic, y%. ... For env,, tactic, a%, ..., tactic, b%. )
dings within each iteration, for training adver- ) ] ) )
sarial policies under Bayesian inference. Tactics Figure 3: Illustration of adversarial tactic acqui-
are re-summarized and refined iteratively. At Sition. We use an LLM to extract the high-level
each iteration, adversarial policies are trained adversarial tactics in attack trajectories iteratively.

ki

from scratch on the latest LLM-provided labels, rather than fine-tuned, since the labels themselves
change across iterations. The new trajectories and rewards are again translated into structured de-
scriptions and supplied to the same LLM dialogue, which re-summarize the tactics and updates the
tactic labels. From each iteration we select the policy with the best adversarial performance on the
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training tasks and deploy it directly to unseen target tasks without additional fine-tuning. Details of
the LLM prompts and example outputs are provided in Appendix [B]

Given adversarial tactics as sufficient information for each attack scenario, during training of the
transferable attack, each agent learns a belief b} = [bi,p cee bi" AI] € A(A) over the current tactics,
equivalently the inference of the embedding of the current environment, and conditions its policy
on it accordingly, where b! , donates the proportion assigned to tactic A. To learn such beliefs, we
treat the adversarial tactics provided by the LLM as ground-truth labels during training. Each agent
infers the current tactic from the observed environment dynamics Py (0} 1, r¢|hi, a}, \) via Bayesian
inference with a uniform prior U/ (A), where A € A = {1, ..., |A|} represents a certain tactic:

Py(ot 1, |kt al, )bl .
;H,A: d)( t+1i t| t Zt z)tl)\ — z):L{(A). @)
> ven Poloti1,relhi, af, A )bt,A’

We learn a model to represent current environment dynamics from collected trajectories, with

adversarial tactics A\Lrar = [Arzas1,-- -5 Anoaraj] € A(A) given by LLM as ground-truth label:
E(of,,roniiaiyed — 108> AraraPs(of, 1, el i, af, A) ©)
AEA

This design follows the CTDE paradigm. The dynamics model is trained centrally and later used
during testing to infer optimal beliefs over adversarial tactics. To support transfer across varying
populations and agent types, we construct the dynamics model using UPDeT (Hu et al.| 2021) back-
bone and their observation decomposition pipeline. Specifically, we adopt a Transformer (Vaswani
et al.,[2017), treating hi, ai as source tokens, oi 41,7t as output tokens, with the output dimension
corresponding to |A|. Notably, we do not incorporate any information from testing scenarios during
the training phase, nor do we ask the LLMs to generate adversarial tactics for the testing scenarios.
Besides, although LLMs may be trained on external sources that provide common-sense knowledge,
we do not update the parameters of the LLMs. Once the model is trained, we deploy it zero-shot to
the unseen testing scenarios. At these scenarios, each agent infers the proper tactics via Bayesian
inference with the uniform prior, while the action-level policies remain fixed.

3.2 ADVERSARIAL SCENE DECOMPOSITION

Adpversarial tactic acquisition provides high-level strategic guidance to adversarial agents. However,
agents may perceive the scenario differently across timesteps and contexts. To address this, we propose
adversarial scene decomposition, which partitions the current scenario into smaller, transferable
subgames (Zhou et al.| 2021} [Igbal et al.,2021), patterns with only part of the agents compared to
the original scenario, allowing local elicitation of adversarial behavior in test scenarios when similar
subgames are encountered. Specifically, each adversarial agent can reduce its observation horizon,
transforming its original observation into a familiar, localized view. This serves as a low-level
guide, enabling agents to consistently deceive victim policies across tasks. Unlike prior work (Zhou
et al.| 2021} Igbal et al.| [2021)), we integrate subgame partitioning directly into the decision process,
improving interpretability.

To enable adversarial scene decomposition, we define the action space as A? = Al x M, where A
represents the original game action space and M = {0, 1}N indicates whether the current attacker
chooses to perceive each other agent. Then, the actual policy used by attacker is: 7, (at, mi|h, bi) =
Ty (aglhy, mi, b)) Tl epr T, (my? | By, b7), where mj = < jearmy” indicates whether each agent j
should be included in the subgame view of agent %, my,, selects action with reduced view range, while
Ty, determines which agent to block, parameterized by 1)1 and )5, respectively. This can be seen as
partitioning current scenario into a set of subgames. Notably, the output mask includes both attackers
and victims, modeling both inter- and intra-team interaction.

We use a Transformer-based, population-invariant backbone (Hu et al., 2021) for 7, and 7y, , where
the belief b} is treated as an additional input token. To model the interaction with other agents, we
decompose the observation of each agent as o} = [oi’l, ce oi’N}. Thus, the representation of all
other agents to agent i is encoded as lert, ... ei™] = fy, (hi,b) using a self-attention mechanism
(Vaswani et al., [2017), with h} denotes the history of agent ¢. Interaction strength between agents is
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computed via cosine similarity and normalized to the range [0, 1]:

(A

7 = 1[hi, bi) = ;ti'ei’j +1) /2 6
T, (M) = 1[hi, by) = | / (6)

| tJ

After the masks m?¢ are determined, if mt’j = 0, the corresponding observation o, is excluded from
the self-attention mechanism in 7y, , thereby forming subgames by limiting interactions between
agents. To ensure the local-global consistency of our adversarial scene decomposition, we add all
intermediate decisions, including b: and m, to the input of the Q function. The convergence of
Q function thus ensures global optimality. Assume the posterior belief bi=p(f|hi) over type 6 is
updated by Bayes’ rule in Eqn. 4] the Q function can be defined as:

i.J

Qi(sa a, m, b) = E@G@ [E

oo
thrﬂso ~ po(f),a0, mp = a, m, a;, m; ~ H 7Ta('|hi7bi)H )

t—0 i€,
(N
with A, = X;e7, A;, the corresponding Bellman equation is then formulated as:
Qi(&a,m,b): r?%xb)RsaH +72P (s'|s,a,0)
Ta v
s'eS
/ !/ !/ I !/ / ) !/ ! ! / (8)
Do e Y ma(@ (B B)QLU(s &l ' b
bV eA(AN) a’,m’'eA,

This Q function is parameterized by £ and can be estimated via Temporal Difference (TD) loss
through Eqn. [9]

. ; ; ; iy 2
mgn (?”t + 7@2(5t+1, Agt1, My 1, bi+1) - Qé(su ag, My, b;)) ©)

Proposition 3.1. Assume the belief is updated via Bayes’ rule, the space of state, actions and belief
are finite, updating value functions by Bellman equation converge to the optimal value Q (s, a, m, b).

Proof sketch. The proof is done by combining the standard convergence proof of Q function with
Bayesian belief update, and showing our Q function forms a contraction mapping. Next, applying
Banach’s fixed point theorem completes the proof. See full proof in Appendix. [F1}

The policy for 7y, and 7y, is updated by policy gradient, with detailed derivation in Appendix. @

Theorem 3.1. The policy gradient theorem for the policies of adversarial agent 7 is:

VT/H J(d)l) = Est,hi b1 at,mt,zeTav IOg Ty (at|ht7 mtv bl)Qé(sta g, My, bz) (10)

V¢2J(¢2) = Est,hi,bi,ai,mi,ieﬁv Z log 7y, (m?jmztlvbi) Qé(st’atvmtvbi) 1D
JEN

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Environments. We evaluate the effectiveness of our approach on SMAC (Samvelyan et al.,|2019)),
SMACV2 (Ellis et al., 2023)) and MAgent (Zheng et al., 2018)). In the original SMAC and SMACv2
setup, a group of MARL agents is trained against rule-based in-game Als. We modify this setup to
create SMACDual and SMACv2Dual, where the rule-based opponents are replaced by another group
of MARL agents acting as attackers. For MAgent, we follow the standard self-play setting (Yang
et al.| 2018]) without modification.

Baselines. We compare our method against two groups of baselines. The first consists of trans-
ferable MARL algorithms that directly overpower opponents, including UPDeT (Hu et al., [2021)),
MATTER (Qin et al.}|2022), and DT2GS (Tian et al.,[2023). The second is SUB-PLAY (Ma et al.,
2024), which trains a non-transferable adversarial policy against MARL agents. For a fair compar-
ison in our adversarial transfer setting, we implement both our method and SUB-PLAY using the
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Table 1: Average rewards received by victim agents in StarCraft II, with varying victim number, type
and policies. Our method demonstrate stronger transfer result in all 15 out of 15 tasks.

Task UPDeT MATTER DT2GS SUB-PLAY Ours

Transfer across tasks with varying numbers of agents (|).

Source Tusks 3m 6.04 & 0.00 6.37 £ 0.33 6.99 + 0.94 7.18 £ 0.66 1.91 £ 0.47
8Sm 10.31 £ 0.75 9.83 £0.59 8.63 £ 1.12 10.00 £ 2.05 523 +£0.58

4m_vs_3m 20.00 £ 0.00 20.00 £ 0.00 20.00 £ 0.00 20.00 £ 0.00 2.76 £+ 0.44

Unseen Tusks Sm_vs_3m 20.00 £ 0.00 20.00 £ 0.00 20.00 £ 0.00 20.00 £ 0.00 3.43 + 0.90
6m 12.57 £0.84 9.19 £0.71 8.40 £ 1.06 9.62 £+ 0.25 4.23 + 1.65

1im 17.63 +£2.27 10.66 £ 1.89 9.52 + 1.12 18.42 +3.53 6.83 + 1.96

Transfer across tasks with different agent types ().

Source Tasks Protoss_5_vs_5 12.18 +1.88 6.67 + 1.14 8.56 + 2.48 9.13 +2.29 2.33 4+ 0.91

Unseen Tasks Terran_5_vs_5 596 £ 2.16 5.61 & 0.71 4.99 + 1.48 6.24 & 2.54 3.33 +0.72

! Sk Zerg_5_vs_5 6.84 + 1.79 791 4 1.44 6.18 & 0.87 4.43 +0.67 327+ 1.55
Transfer across tasks with different victim policies ({).

S Tusk 3m 7.62 +0.23 7.24 4024 8.33+£0.74 7.16 & 0.44 5.64 & 0.13
”X;X;P“g s 3s_vs_3z 10.17 £ 0.52 7.04 + 0.06 739 £0.16 741 £0.25 6.53 + 0.20
( ) 253z 13.92 + 1.41 11.35 + 033 12.86 + 0.9 11.65 + 1.38 9.28 + 0.30

U Tusk 3m 593 + 1.11 9.18 4 0.76 8.87 & 1.51 5.81 4032 3.99 + 0.59
"‘Y“];D?f § 3s_vs_3z 9.92 +1.56 10.47 £ 0.74 11.09 £ 2.00 10.53 + 1.06 7.04 + 0.46

(@ 253z 12.36 + 1.66 13.30 £ 0.66 1129 + 1.54 10.04 & 0.87 9.11 + 1.07

UPDeT (Hu et al., [2021)) backbone. All baselines share the same codebase, network architecture, and
hyperparameters. Additional implementation details are provided in Appendix [C|

Evaluation Pipeline. Our evaluation follows a two-step process. First, we train the victim policy
following its original implementation in SMAC (Yu et al.,2022), SMACv2 (Ellis et al.,[2023)) and
MAgent (Yang et al., [2018)). Next, we fix the victim policy and replace its opponents with an
adversarial policy. All methods are evaluated using five random seeds, with each victim and attackers
sharing the same seed for consistency. In all tasks (e.g., 3s_vs_3z), the victim team always controls
the agents on the left side (i.e., 3s), while attacker team controls the agents on the right side (i.e., 37).

4.2 TRANSFER ATTACK IN STARCRAFT II AND MAGENT

In this section, we first evaluate the performance of transfer attack in StarCraft II, following three
different transfer paradigms: 1) Transfer across tasks with varying numbers of agents. We
train adversarial policies on 3m and 8m, then evaluate on more challenging tasks, 4m_vs_3m and
Sm_vs_3m, as well as tasks with different numbers of agents, 6m and [I/m. Extra experiments
are detailed in Appendix [D] 2) Transfer across tasks with different agent types. We train on
Protoss_5_vs_5, and evaluate on a diverse set of tasks: Terran_5_vs_5 and Zerg_5_vs_5. 3) Transfer
across victims with different victim policies. We train adversarial policies individually against
victims trained using MAPPO (Yu et al., 2021) on tasks 3m, 3s_vs_3z, and 2s3z, and evaluate transfer
performance against victims trained using QMIX (Rashid et al., |2018) on the same tasks. We evaluate
performance in paradigm 2 on SMACv2 due to its support of uncertainty in agent types, and evaluate
paradigms 1 and 3 on more controllable SMAC environment.

As shown in Table[T] our method consistently outperforms all baselines in zero-shot generalization,
reducing victim rewards by an average of 22% compared with the best-performing baseline and
achieving superior performance across 15 tasks with varying victim numbers, types, and policies. On
source tasks, LLM-provided tactics act as external knowledge that stabilize and align attack behaviors,
whereas baselines often fail to disentangle task-specific representations. On unseen tasks, our method
transfers more effectively, surpassing the best baseline by +51% on scenarios with different victim
numbers, +7% on victim types, and +9% on victim policies. This advantage extends to challenging
cases (4m_vs_3m and Sm_vs_3m), where victims cannot be defeated by simple overpowering.

Attack different training paradigms. Besides attacking victims trained against rule-based policies,
we show our attack is also effective for policies trained via self-play. We evaluate the performance in
MAgent environment in Battle task with different agent numbers. Following the same procedure, we
train on /2_vs_12 and 30_vs_30, and test on the unseen 20_vs_20, 42_vs_42 and 64_vs_64 scenario.
As shown in Table 2] our method outperforms all baselines in source tasks and remains consistently
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Table 2: Average rewards received by victim agents in different MAgent tasks (J). Our method
successfully attack victims trained by self-play, and support attack with up to 64 agents.

Task UPDeT MATTER DT2GS SUB-PLAY Ours

Source Tasks  12-vS_12 (Mapsize: 20)  -39.6 £2.0 -36.6 & 3.0 -38.0 £ 3.1 416+ 15 421 +12
ource 1asES 30 vs_30 (Map size: 30)  -291.6 £52 2857496  -2833+ 147 298365 -304.0 + 2.4
20_vs_20 (Map size: 25)  -62.4+19.6  -121.1 £0.5 704 £ 2.0 704 £ 2.0 -140.4 + 3.7

Unseen Tasks 42_vs_42 (Map size: 35) -169.6 £+ 5.7 -312.4 +13.6 2248 + 4.1 -128.6 & 84.7 -325.1 8.3
64_vs_64 Map size: 40)  -1280+£0.0 2352+ 4.4 293.6 + 4.0 2128001  -650.8 + 12.0
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Figure 4: Analysis of Transferred Attack Behaviors. We visualize episodes from 8m and 11m,
revealing transferred adversarial tactics and scene decomposition. We also analyze interaction
strength to interpret the resulting subgame partition behavior.

(c) Visualization of intereaction strength matrix in task 7/m

effective in the unseen setting, achieving an average of 21% improvement over the best baseline. Our
successful attack involving up to 64 agents further demonstrates the scalability of our method. Map
sizes are noted in the table, as they define agent counts in each task.

4.3 DISCUSSIONS

Countermeasures. We investigate defense
strategies by re-training against our fixed trans- Table 3: Average rewards received by victim agents
ferable attacker. As shown in Table 3| such in StarCraft II, with varying defense methods (}).

defenses are highly effective when attackers are Task Nodefense  Re-train  Re-attack
known a priori, achieving the highest reward 3m 191047 20.00+000 634+ 096
Source Tasks Sm 5234058 20.00+0.00 9.61 + 1.41

of 20 across all tasks. However, the defense : : : ! : :
. - 4m_vs_3m 276+ 044 20.00+0.00 1347 +0.66
can be part@lly overcome by re-training the Unsoen Tasks SM_vs_3m  343£090  20.00+0.00 17.79 + 1.90
attacker against the fixed defense policy. Al- 6m  423£1.65 20004000  9.06 4 1.07

11m 6.83 £1.96 20.00+0.00 10.56+0.77

though the defended policy remains vulnerable
to re-attacks, it demonstrates improved robust-
ness compared with no defense, particularly in unseen tasks such as 4m_vs_3m and 5m_vs_3m. We
attribute this robustness to the generality of the shared weaknesses exposed by our attack: even
defending against a fixed transferable attacker closes many exploitable vulnerabilities, making the
policy broadly more resistant to adversaries.

Analysis of Transferred Attack Behaviors. In this section, we analyze how adversarial tactic
acquisition and adversarial scene decomposition contribute to transfer attacks. To bridge the gap
between training and testing, we select the training task 8m and the unseen test task //m for analysis.

As illustrated in Figure f[b), attackers employ coordinated tactics such as retreat, counterattack,
and circling. In 8m, early retreat disperses the victims, followed by a counterattack and circling
maneuver that split and distract them, preventing effective focus fire. Victims arrive at different times
and are quickly eliminated, while attacker health remains evenly distributed. Similar patterns appear
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in /1m, where attackers, despite not being trained on this scenario, again use retreat to scatter victims
and cycling to attract fire, before concentrating attacks on isolated targets.

Scene decomposition further explains this behavior. As shown in Figure [fc), attackers initially
attend broadly to all victims, but once retreat begins, attention narrows to a manageable subset of
agents. During counterattack, focus shifts to immediate targets, while circling agents maintain mutual
awareness and distract opponents. By later stages, different groups allocate attention to specific
victims in sequence, enabling coordinated elimination through localized and transferable subgames.

Ablation Study. We next verify the effective-

. mm UPDeT B w/o Adversarial Tactic Acquisition
ness of our components, evaluating the perfor- m= Ours B w/o Adversarial Scene Decomposition
mance of our attack without adversarial tactic ac- 20
quisition, adversarial scene decomposition and %H
the performance on raw UPDeT 5
backbone. For our methods w/o Adversarial Tac- %
tic Acquisition, we remove the LLM-generated g
tactics and the Bayesian inference procedure & s
together. Further ablations of LLM generated ‘
tactics available in paragraph below. As shown 4m_vs 3m 5m_vs_3m

in Figure 5] our method achieves significantly Figure 5: Ablation study on the impact of adver-
higher attack capability than our ablated variants. ¢, 541 tactic acquisition and scene decomposition
Additionally, in difficult tasks like 4m_vs_3m, on zero-shot adversarial performance.

Sm_vs_3m, adversarial tactic acquisition and ad-
versarial scene decomposition are unable to successfully attack the task alone, and its success relies
the synergy of our two attack modules.

Ablation of LLM-generated tactics. We next conduct further ablations on the effectiveness of
LLMs for adversarial tactic generation, with experiment results available in Appendix [E} First, we
find not using the the adversarial tactics given by LLMs, and rely on uniform distributed tactics
will significantly lower our attack performance, showing the effectiveness of LLM-generated tactics.
Second, we find our attack is not highly sensitive to LLM types, and the performance remains
relatively consistent with different commercial LLMs. Specifically, we tested the performance of our
attack using 5 LLMs, including GPT-4o [Hurst et al.| (2024)) which are used for other experiments,
as well as Gemini 2.5 Pro (Comanici et al.| [2025), GPT-03 (OpenAl, 2025)), and weaker models
such as GPT-3.5 and Gemini 1.5 Flash (Reid et al., [2024). The results do not vary significant across
LLMs, suggesting that the common knowledge needed to generate effective adversarial strategies is
available in most commercial-level LLMs, and that highly advanced models are not a prerequisite for
our attacks.

5 CONCLUSION

In this paper, we propose a transferable adversarial policy framework for mixed cooperative-
competitive games, enabling zero-shot attacks in previously unseen scenarios. First, attackers
perform adversarial tactic acquisition, iteratively extracting attack strategies that successfully de-
ceive victims using LLMs during training, and inferring the distribution over tactics via Bayesian
inference at test time. In addition, we introduce adversarial scene decomposition, which partitions
attack scenarios into smaller, transferable subgames that consistently elicit adversarial behavior,
based on interactions between attacker and victim teams. Alongside, we also provide a proof of the
convergence of our approach. Empirically, we demonstrate that adversarial policy transfer is effective
in StarCraft II and MAgent across 20 tasks, with up to 64 victim agents of varying numbers, types,
and policies. Training against our attack addresses common vulnerabilities in victim policies and
enhances robustness to subsequent re-attacks.

6 ETHICS STATEMENT

Our work reveals shared vulnerabilities across diverse MARL policies and environments. Its main
positive impact is to enable efficient and accurate robustness assessment without training a separate
attack for each policy. In addition, the method supports robust multi-task MARL: in settings where
defending against worst-case perturbations for every task is challenging, our transferable attack
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provides a fast, cost-effective proxy for such scenarios. While the approach could potentially be
misused to attack MARL systems, we find defense against our attack is possible, and increase the
robustness of the system. We therefore conclude that the benefits of this work outweigh possible
security risks.

7 REPRODUCIBILITY STATEMENT

Our code is provided in the supplementary material. Detailed pseudocode for the framework is
available in Appendix [A] and Appendix [C] contains implementation details for our methods and
baselines, including hyperparameters and the final LLM-generated tactics used to train adversarial
policies for deployment in unseen tasks.

REFERENCES

Akshat Agarwal, Sumit Kumar, Katia P. Sycara, and Michael Lewis. Learning transferable cooperative
behavior in multi-agent teams. In Amal El Fallah Seghrouchni, Gita Sukthankar, Bo An, and
Neil Yorke-Smith (eds.), Proceedings of the 19th International Conference on Autonomous Agents
and Multiagent Systems, AAMAS 20, Auckland, New Zealand, May 9-13, 2020, pp. 1741-1743.
International Foundation for Autonomous Agents and Multiagent Systems, 2020. doi: 10.5555/
3398761.3398967. URL https://dl.acm.org/doi/10.5555/3398761.3398967.

Fengshuo Bai, Runze Liu, Yali Du, Ying Wen, and Yaodong Yang. RAT: adversarial attacks on deep
reinforcement agents for targeted behaviors. In Toby Walsh, Julie Shah, and Zico Kolter (eds.),
AAAI-25, Sponsored by the Association for the Advancement of Artificial Intelligence, February
25 - March 4, 2025, Philadelphia, PA, USA, pp. 15453-15461. AAAI Press, 2025. doi: 10.1609/
AAAILV39115.33696. URL https://doi.org/10.1609/aaai.v39115.33696.

Sumeet Batra, Zhehui Huang, Aleksei Petrenko, Tushar Kumar, Artem Molchanov, and Gaurav S.
Sukhatme. Decentralized control of quadrotor swarms with end-to-end deep reinforcement learning.
In Aleksandra Faust, David Hsu, and Gerhard Neumann (eds.), Conference on Robot Learning, 8-11
November 2021, London, UK, volume 164 of Proceedings of Machine Learning Research, pp. 576~
586. PMLR, 2021. URL https://proceedings.mlr.press/v164/batra22a.html.

Georgios Boutsioukis, Ioannis Partalas, and Ioannis P. Vlahavas. Transfer learning in multi-agent
reinforcement learning domains. In Scott Sanner and Marcus Hutter (eds.), Recent Advances in
Reinforcement Learning - 9th European Workshop, EWRL 2011, Athens, Greece, September 9-11,
2011, Revised Selected Papers, volume 7188 of Lecture Notes in Computer Science, pp. 249-260.
Springer, 2011. doi: 10.1007/978-3-642-29946-9\_25. URL https://doi.org/10.1007/
978-3-642-29946-9_25|

Luca Carminati, Federico Cacciamani, Marco Ciccone, and Nicola Gatti. A marriage between
adversarial team games and 2-player games: Enabling abstractions, no-regret learning, and subgame
solving. In International Conference on Machine Learning, pp. 2638-2657. PMLR, 2022.

Andrea Celli and Nicola Gatti. Computational results for extensive-form adversarial team games. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 32, 2018.

Patrick Chao, Alexander Robey, Edgar Dobriban, Hamed Hassani, George J. Pappas, and Eric Wong.
Jailbreaking black box large language models in twenty queries. CoRR, abs/2310.08419, 2023.
doi: 10.48550/ARXIV.2310.08419. URL https://doi.org/10.48550/arXiv.2310.
084109.

Weizhe Chen, Zihan Zhou, Yi Wu, and Fei Fang. Temporal induced self-play for stochastic bayesian
games. In Zhi-Hua Zhou (ed.), Proceedings of the Thirtieth International Joint Conference on
Artificial Intelligence, IJCAI 2021, Virtual Event / Montreal, Canada, 19-27 August 2021, pp.
96-103. jjcai.org, 2021. doi: 10.24963/IJCAI.2021/14. URLhttps://doi.org/10.24963/
ijcai.2021/14l

Gheorghe Comanici, Eric Bieber, Mike Schaekermann, Ice Pasupat, Noveen Sachdeva, Inderjit S.
Dhillon, Marcel Blistein, Ori Ram, Dan Zhang, Evan Rosen, Luke Marris, Sam Petulla, Colin

11


https://dl.acm.org/doi/10.5555/3398761.3398967
https://doi.org/10.1609/aaai.v39i15.33696
https://proceedings.mlr.press/v164/batra22a.html
https://doi.org/10.1007/978-3-642-29946-9_25
https://doi.org/10.1007/978-3-642-29946-9_25
https://doi.org/10.48550/arXiv.2310.08419
https://doi.org/10.48550/arXiv.2310.08419
https://doi.org/10.24963/ijcai.2021/14
https://doi.org/10.24963/ijcai.2021/14

Under review as a conference paper at ICLR 2026

Gaffney, Asaf Aharoni, Nathan Lintz, Tiago Cardal Pais, Henrik Jacobsson, Idan Szpektor, Nan-
Jiang Jiang, Krishna Haridasan, Ahmed Omran, Nikunj Saunshi, Dara Bahri, Gaurav Mishra, Eric
Chu, Toby Boyd, Brad Hekman, Aaron Parisi, Chaoyi Zhang, Kornraphop Kawintiranon, Tania
Bedrax-Weiss, Oliver Wang, Ya Xu, Ollie Purkiss, Uri Mendlovic, Ilai Deutel, Nam Nguyen,
Adam Langley, Flip Korn, Lucia Rossazza, Alexandre Ramé, Sagar Waghmare, Helen Miller,
Nathan Byrd, Ashrith Sheshan, Raia Hadsell Sangnie Bhardwaj, Pawel Janus, Tero Rissa, Dan
Horgan, Sharon Silver, Ayzaan Wahid, Sergey Brin, Yves Raimond, Klemen Kloboves, Cindy
Wang, Nitesh Bharadwaj Gundavarapu, Ilia Shumailov, Bo Wang, Mantas Pajarskas, Joe Heyward,
Martin Nikoltchev, Maciej Kula, Hao Zhou, Zachary Garrett, Sushant Kafle, Sercan Arik, Ankita
Goel, Mingyao Yang, Jiho Park, Koji Kojima, Parsa Mahmoudieh, Koray Kavukcuoglu, Grace
Chen, Doug Fritz, Anton Bulyenov, Sudeshna Roy, Dimitris Paparas, Hadar Shemtov, Bo-Juen
Chen, Robin Strudel, David Reitter, Aurko Roy, Andrey Vlasov, Changwan Ryu, Chas Leichner,
Haichuan Yang, Zelda Mariet, Denis Vnukov, Tim Sohn, Amy Stuart, Wei Liang, Minmin Chen,
Praynaa Rawlani, Christy Koh, JD Co-Reyes, Guangda Lai, Praseem Banzal, Dimitrios Vytiniotis,
Jieru Mei, and Mu Cai. Gemini 2.5: Pushing the frontier with advanced reasoning, multimodality,
long context, and next generation agentic capabilities. CoRR, abs/2507.06261, 2025. doi: 10.
48550/ARXIV.2507.06261. URL https://doi.org/10.48550/arXiv.2507.06261.

Sabre Didi and Geoff Nitschke. Multi-agent behavior-based policy transfer. In Giovanni Squillero
and Paolo Burelli (eds.), Applications of Evolutionary Computation - 19th European Confer-
ence, EvoApplications 2016, Porto, Portugal, March 30 - April 1, 2016, Proceedings, Part II,
volume 9598 of Lecture Notes in Computer Science, pp. 181-197. Springer, 2016. doi: 10.1007/
978-3-319-31153-1\_13. URL |https://doi.org/10.1007/978-3-319-31153-1__
13l

Benjamin Ellis, Jonathan Cook, Skander Moalla, Mikayel Samvelyan, Mingfei Sun, Anuj Mahajan,
Jakob N. Foerster, and Shimon Whiteson. Smacv2: An improved benchmark for cooperative multi-
agent reinforcement learning. In Alice Oh, Tristan Naumann, Amir Globerson, Kate Saenko, Moritz
Hardt, and Sergey Levine (eds.), Advances in Neural Information Processing Systems 36: Annual
Conference on Neural Information Processing Systems 2023, NeurIPS 2023, New Orleans, LA, USA,
December 10 - 16, 2023,2023. URL http://papers.nips.cc/paper_files/paper/
2023/hash/764c18ad230f9%e7bfoa77ffc2312c55e-Abstract-Datasets_
and_Benchmarks.html.

Adam Gleave, Michael Dennis, Cody Wild, Neel Kant, Sergey Levine, and Stuart Russell. Adversarial
policies: Attacking deep reinforcement learning. In 8th International Conference on Learning
Representations, ICLR 2020, Addis Ababa, Ethiopia, April 26-30, 2020. OpenReview.net, 2020.
URLhttps://openreview.net/forum?id=HJIJgEMpVFwB

Wenbo Guo, Xian Wu, Sui Huang, and Xinyu Xing. Adversarial policy learning in two-player
competitive games. In Marina Meila and Tong Zhang (eds.), Proceedings of the 38th International
Conference on Machine Learning, ICML 2021, 18-24 July 2021, Virtual Event, volume 139
of Proceedings of Machine Learning Research, pp. 3910-3919. PMLR, 2021. URL http:
//proceedings.mlr.press/v139/guo2lb.html.

John C. Harsanyi. Games with incomplete information played by "bayesian" players, I-III: part i. the
basic model&. Manag. Sci., 50(12-Supplement): 1804—1817, 2004. doi: 10.1287/MNSC.1040.0270.
URLhttps://doi.org/10.1287/mnsc.1040.0270.

Siyi Hu, Fengda Zhu, Xiaojun Chang, and Xiaodan Liang. Updet: Universal multi-agent reinforce-
ment learning via policy decoupling with transformers. CoRR, abs/2101.08001, 2021. URL
https://arxiv.org/abs/2101.08001.

Aaron Hurst, Adam Lerer, Adam P. Goucher, Adam Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford, Aleksander Madry, Alex Baker-Whitcomb, Alex
Beutel, Alex Borzunov, Alex Carney, Alex Chow, Alex Kirillov, Alex Nichol, Alex Paino, Alex
Renzin, Alex Tachard Passos, Alexander Kirillov, Alexi Christakis, Alexis Conneau, Ali Kamali,
Allan Jabri, Allison Moyer, Allison Tam, Amadou Crookes, Amin Tootoonchian, Ananya Kumar,
Andrea Vallone, Andrej Karpathy, Andrew Braunstein, Andrew Cann, Andrew Codispoti, Andrew
Galu, Andrew Kondrich, Andrew Tulloch, Andrey Mishchenko, Angela Baek, Angela Jiang, An-
toine Pelisse, Antonia Woodford, Anuj Gosalia, Arka Dhar, Ashley Pantuliano, Avi Nayak, Avital

12


https://doi.org/10.48550/arXiv.2507.06261
https://doi.org/10.1007/978-3-319-31153-1_13
https://doi.org/10.1007/978-3-319-31153-1_13
http://papers.nips.cc/paper_files/paper/2023/hash/764c18ad230f9e7bf6a77ffc2312c55e-Abstract-Datasets_and_Benchmarks.html
http://papers.nips.cc/paper_files/paper/2023/hash/764c18ad230f9e7bf6a77ffc2312c55e-Abstract-Datasets_and_Benchmarks.html
http://papers.nips.cc/paper_files/paper/2023/hash/764c18ad230f9e7bf6a77ffc2312c55e-Abstract-Datasets_and_Benchmarks.html
https://openreview.net/forum?id=HJgEMpVFwB
http://proceedings.mlr.press/v139/guo21b.html
http://proceedings.mlr.press/v139/guo21b.html
https://doi.org/10.1287/mnsc.1040.0270
https://arxiv.org/abs/2101.08001

Under review as a conference paper at ICLR 2026

Oliver, Barret Zoph, Behrooz Ghorbani, Ben Leimberger, Ben Rossen, Ben Sokolowsky, Ben
Wang, Benjamin Zweig, Beth Hoover, Blake Samic, Bob McGrew, Bobby Spero, Bogo Giertler,
Bowen Cheng, Brad Lightcap, Brandon Walkin, Brendan Quinn, Brian Guarraci, Brian Hsu, Bright
Kellogg, Brydon Eastman, Camillo Lugaresi, Carroll L. Wainwright, Cary Bassin, Cary Hudson,
Casey Chu, Chad Nelson, Chak Li, Chan Jun Shern, Channing Conger, Charlotte Barette, Chelsea
Voss, Chen Ding, Cheng Lu, Chong Zhang, Chris Beaumont, Chris Hallacy, Chris Koch, Christian
Gibson, Christina Kim, Christine Choi, Christine McLeavey, Christopher Hesse, Claudia Fischer,
Clemens Winter, Coley Czarnecki, Colin Jarvis, Colin Wei, Constantin Koumouzelis, and Dane
Sherburn. Gpt-4o system card. CoRR, abs/2410.21276, 2024. doi: 10.48550/ARXIV.2410.21276.
URLhttps://doi.org/10.48550/arXiv.2410.21276.

Maximilian Hiittenrauch, Adrian Sosic, and Gerhard Neumann. Deep reinforcement learning for
swarm systems. J. Mach. Learn. Res., 20:54:1-54:31, 2019. URL https://Jjmlr.org/
papers/v20/18-476.html.

Shariq Igbal, Christian A. Schroder de Witt, Bei Peng, Wendelin Boehmer, Shimon Whiteson, and Fei
Sha. Randomized entity-wise factorization for multi-agent reinforcement learning. In Marina Meila
and Tong Zhang (eds.), Proceedings of the 38th International Conference on Machine Learning,
ICML 2021, 18-24 July 2021, Virtual Event, volume 139 of Proceedings of Machine Learning
Research, pp. 4596-4606. PMLR, 2021. URL http://proceedings.mlr.press/v139/
igbal2la.htmll

Karol Kurach, Anton Raichuk, Piotr Stanczyk, Michat Zajac, Olivier Bachem, Lasse Espeholt, Carlos
Riquelme, Damien Vincent, Marcin Michalski, Olivier Bousquet, et al. Google research football:
A novel reinforcement learning environment. In Proceedings of the AAAI conference on artificial
intelligence, volume 34, pp. 4501-4510, 2020.

Shihui Li, Yi Wu, Xinyue Cui, Honghua Dong, Fei Fang, and Stuart Russell. Robust multi-agent
reinforcement learning via minimax deep deterministic policy gradient. In Proceedings of the
AAAI conference on artificial intelligence, volume 33, pp. 42134220, 2019.

Simin Li, Jun Guo, Jingqgiao Xiu, Pu Feng, Xin Yu, Jiakai Wang, Aishan Liu, Wenjun Wu, and
Xianglong Liu. Attacking cooperative multi-agent reinforcement learning by adversarial minority
influence. CoRR, abs/2302.03322, 2023a. doi: 10.48550/ARX1V.2302.03322. URL https:
//doi.org/10.48550/arXiv.2302.03322,

Simin Li, Ruixiao Xu, Jun Guo, Pu Feng, Jiakai Wang, Aishan Liu, Yaodong Yang, Xianglong Liu,
and Weifeng Lv. Mir2: Towards provably robust multi-agent reinforcement learning by mutual
information regularization. CoRR, 2023b.

Simin Li, Jun Guo, Jinggiao Xiu, Ruixiao Xu, Xin Yu, Jiakai Wang, Aishan Liu, Yaodong Yang, and
Xianglong Liu. Byzantine robust cooperative multi-agent reinforcement learning as a bayesian
game. In The Twelfth International Conference on Learning Representations, ICLR 2024, Vienna,
Austria, May 7-11, 2024. OpenReview.net, 2024. URL https://openreview.net/forum?
1d=z6KS9D1dxtl

Jieyu Lin, Kristina Dzeparoska, Sai Qian Zhang, Alberto Leon-Garcia, and Nicolas Papernot. On the
robustness of cooperative multi-agent reinforcement learning. In 2020 IEEE Security and Privacy
Workshops (SPW), pp. 62-68. IEEE, 2020.

Michael L. Littman. Markov games as a framework for multi-agent reinforcement learning. In
William W. Cohen and Haym Hirsh (eds.), Machine Learning, Proceedings of the Eleventh
International Conference, Rutgers University, New Brunswick, NJ, USA, July 10-13, 1994, pp.
157-163. Morgan Kaufmann, 1994. doi: 10.1016/B978-1-55860-335-6.50027-1. URL https
//doi.org/10.1016/b978-1-55860-335-6.50027-1.

Yong Liu, Yujing Hu, Yang Gao, Yingfeng Chen, and Changjie Fan. Value function transfer for deep
multi-agent reinforcement learning based on n-step returns. In Sarit Kraus (ed.), Proceedings of
the Twenty-Eighth International Joint Conference on Artificial Intelligence, IJCAI 2019, Macao,
China, August 10-16, 2019, pp. 457-463. ijcai.org, 2019. doi: 10.24963/1JCAI.2019/65. URL
https://doi.org/10.24963/1jcai.2019/65.

13


https://doi.org/10.48550/arXiv.2410.21276
https://jmlr.org/papers/v20/18-476.html
https://jmlr.org/papers/v20/18-476.html
http://proceedings.mlr.press/v139/iqbal21a.html
http://proceedings.mlr.press/v139/iqbal21a.html
https://doi.org/10.48550/arXiv.2302.03322
https://doi.org/10.48550/arXiv.2302.03322
https://openreview.net/forum?id=z6KS9D1dxt
https://openreview.net/forum?id=z6KS9D1dxt
https://doi.org/10.1016/b978-1-55860-335-6.50027-1
https://doi.org/10.1016/b978-1-55860-335-6.50027-1
https://doi.org/10.24963/ijcai.2019/65

Under review as a conference paper at ICLR 2026

Ryan Lowe, Yi Wu, Aviv Tamar, Jean Harb, Pieter Abbeel, and Igor Mordatch. Multi-agent
actor-critic for mixed cooperative-competitive environments. In Isabelle Guyon, Ulrike von
Luxburg, Samy Bengio, Hanna M. Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman
Garnett (eds.), Advances in Neural Information Processing Systems 30: Annual Conference on
Neural Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA, pp.
6379-6390, 2017. URL https://proceedings.neurips.cc/paper/2017/hash/
68a9750337a418a86fe06cl99laldbd4c—Abstract.html.

Oubo Ma, Yuwen Pu, Linkang Du, Yang Dai, Ruo Wang, Xiaolei Liu, Yingcai Wu, and Shouling
Ji. SUB-PLAY: adversarial policies against partially observed multi-agent reinforcement learning
systems. In Bo Luo, Xiaojing Liao, Jun Xu, Engin Kirda, and David Lie (eds.), Proceedings of
the 2024 on ACM SIGSAC Conference on Computer and Communications Security, CCS 2024,
Salt Lake City, UT, USA, October 14-18, 2024, pp. 645-659. ACM, 2024. doi: 10.1145/3658644.
3670293. URL https://doi.org/10.1145/3658644.3670293.

Eleni Nisioti, Daan Bloembergen, and Michael Kaisers. Robust multi-agent g-learning in cooperative
games with adversaries. In Proceedings of the AAAI Conference on Artificial Intelligence, 2021.

OpenAl. Openai 03 and o4-mini system card. Technical report, OpenAl, April 2025. URL
https://openai.com/index/03-04-mini-system-card/.

Rongjun Qin, Feng Chen, Tonghan Wang, Lei Yuan, Xiaoran Wu, Zongzhang Zhang, Chongjie Zhang,
and Yang Yu. Multi-agent policy transfer via task relationship modeling. CoRR, abs/2203.04482,
2022. doi: 10.48550/ARXIV.2203.04482. URL https://doi.org/10.48550/arXiv,
2203.04482.

Tabish Rashid, Mikayel Samvelyan, Christian Schroder de Witt, Gregory Farquhar, Jakob N. Foerster,
and Shimon Whiteson. QMIX: monotonic value function factorisation for deep multi-agent
reinforcement learning. In Jennifer G. Dy and Andreas Krause (eds.), Proceedings of the 35th
International Conference on Machine Learning, ICML 2018, Stockholmsmdssan, Stockholm,
Sweden, July 10-15, 2018, volume 80 of Proceedings of Machine Learning Research, pp. 4292—
4301. PMLR, 2018. URL http://proceedings.mlr.press/v80/rashidl8a.html.

Machel Reid, Nikolay Savinov, Denis Teplyashin, Dmitry Lepikhin, Timothy P. Lillicrap, Jean-
Baptiste Alayrac, Radu Soricut, Angeliki Lazaridou, Orhan Firat, Julian Schrittwieser, loannis
Antonoglou, Rohan Anil, Sebastian Borgeaud, Andrew M. Dai, Katie Millican, Ethan Dyer,
Mia Glaese, Thibault Sottiaux, Benjamin Lee, Fabio Viola, Malcolm Reynolds, Yuanzhong Xu,
James Molloy, Jilin Chen, Michael Isard, Paul Barham, Tom Hennigan, Ross Mcllroy, Melvin
Johnson, Johan Schalkwyk, Eli Collins, Eliza Rutherford, Erica Moreira, Kareem Ayoub, Megha
Goel, Clemens Meyer, Gregory Thornton, Zhen Yang, Henryk Michalewski, Zaheer Abbas,
Nathan Schucher, Ankesh Anand, Richard Ives, James Keeling, Karel Lenc, Salem Haykal,
Siamak Shakeri, Pranav Shyam, Aakanksha Chowdhery, Roman Ring, Stephen Spencer, Eren
Sezener, and et al. Gemini 1.5: Unlocking multimodal understanding across millions of tokens
of context. CoRR, abs/2403.05530, 2024. doi: 10.48550/ARXIV.2403.05530. URL https:
//doi.org/10.48550/arXiv.2403.05530.

Mikayel Samvelyan, Tabish Rashid, Christian Schroder de Witt, Gregory Farquhar, Nantas Nardelli,
Tim G. J. Rudner, Chia-Man Hung, Philip H. S. Torr, Jakob N. Foerster, and Shimon Whiteson.
The starcraft multi-agent challenge. In Edith Elkind, Manuela Veloso, Noa Agmon, and Matthew E.
Taylor (eds.), Proceedings of the 18th International Conference on Autonomous Agents and
MultiAgent Systems, AAMAS ’19, Montreal, QC, Canada, May 13-17, 2019, pp. 2186-2188.
International Foundation for Autonomous Agents and Multiagent Systems, 2019. URL http:
//dl.acm.org/citation.cfm?1d=3332052.

Lukas Schifer, Filippos Christianos, Amos J. Storkey, and Stefano V. Albrecht. Learning task em-
beddings for teamwork adaptation in multi-agent reinforcement learning. CoRR, abs/2207.02249,
2022. doi: 10.48550/ARXIV.2207.02249. URL https://doi.org/10.48550/arXiv,
2207.02249.

Zikang Tian, Ruizhi Chen, Xing Hu, Ling Li, Rui Zhang, Fan Wu, Shaohui Peng, Jiaming Guo, Zidong
Du, Qi Guo, and Yunji Chen. Decompose a task into generalizable subtasks in multi-agent reinforce-
ment learning. In Alice Oh, Tristan Naumann, Amir Globerson, Kate Saenko, Moritz Hardt, and

14


https://proceedings.neurips.cc/paper/2017/hash/68a9750337a418a86fe06c1991a1d64c-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/68a9750337a418a86fe06c1991a1d64c-Abstract.html
https://doi.org/10.1145/3658644.3670293
https://openai.com/index/o3-o4-mini-system-card/
https://doi.org/10.48550/arXiv.2203.04482
https://doi.org/10.48550/arXiv.2203.04482
http://proceedings.mlr.press/v80/rashid18a.html
https://doi.org/10.48550/arXiv.2403.05530
https://doi.org/10.48550/arXiv.2403.05530
http://dl.acm.org/citation.cfm?id=3332052
http://dl.acm.org/citation.cfm?id=3332052
https://doi.org/10.48550/arXiv.2207.02249
https://doi.org/10.48550/arXiv.2207.02249

Under review as a conference paper at ICLR 2026

Sergey Levine (eds.), Advances in Neural Information Processing Systems 36: Annual Conference
on Neural Information Processing Systems 2023, NeurIPS 2023, New Orleans, LA, USA, Decem-
ber 10 - 16, 2023,2023. URL http://papers.nips.cc/paper_files/paper/2023/
hash/£f7d3cef7ff579f2£903c8f458e730cae-Abstract-Conference.htmll

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
L ukasz Kaiser, and Illia Polosukhin. Attention is all you need. In I. Guyon, U. Von
Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett (eds.), Ad-
vances in Neural Information Processing Systems, volume 30. Curran Associates, Inc.,
2017. URL https://proceedings.neurips.cc/paper_files/paper/2017/
file/3f5ee243547dee91fbd053clc4al845aa—-Paper.pdfl

Weixun Wang, Tianpei Yang, Yong Liu, Jianye Hao, Xiaotian Hao, Yujing Hu, Yingfeng Chen,
Changjie Fan, and Yang Gao. From few to more: Large-scale dynamic multiagent curriculum
learning. In The Thirty-Fourth AAAI Conference on Artificial Intelligence, AAAI 2020, The Thirty-
Second Innovative Applications of Artificial Intelligence Conference, IAAI 2020, The Tenth AAAI
Symposium on Educational Advances in Artificial Intelligence, EAAI 2020, New York, NY, USA,
February 7-12, 2020, pp. 7293-7300. AAAI Press, 2020. doi: 10.1609/AAAIL.V34105.6221. URL
https://doi.org/10.1609/aaai.v34105.6221.

Zihao Wang, Shaofei Cai, Anji Liu, Xiaojian Ma, and Yitao Liang. Describe, explain, plan and
select: Interactive planning with large language models enables open-world multi-task agents.
CoRR, abs/2302.01560, 2023. doi: 10.48550/ARX1IV.2302.01560. URL https://doi.org/
10.48550/arXiv.2302.01560.

Xian Wu, Wenbo Guo, Hua Wei, and Xinyu Xing. Adversarial policy training against deep re-
inforcement learning. In Michael D. Bailey and Rachel Greenstadt (eds.), 30th USENIX Secu-
rity Symposium, USENIX Security 2021, August 11-13, 2021, pp. 1883—-1900. USENIX Asso-
ciation, 2021. URL https://www.usenix.org/conference/usenixsecurity21/
presentation/wu—xian.

Zelai Xu, Yancheng Liang, Chao Yu, Yu Wang, and Yi Wu. Fictitious cross-play: Learning global
nash equilibrium in mixed cooperative-competitive games. In Noa Agmon, Bo An, Alessandro
Ricci, and William Yeoh (eds.), Proceedings of the 2023 International Conference on Autonomous
Agents and Multiagent Systems, AAMAS 2023, London, United Kingdom, 29 May 2023 - 2 June
2023, pp. 1053-1061. ACM, 2023. doi: 10.5555/3545946.3598745. URL |https://dl.acml
org/doi/10.5555/3545946.3598745.

Yaodong Yang, Rui Luo, Minne Li, Ming Zhou, Weinan Zhang, and Jun Wang. Mean field multi-
agent reinforcement learning. In International conference on machine learning, pp. 5571-5580.
PMLR, 2018.

Chao Yu, Akash Velu, Eugene Vinitsky, Yu Wang, Alexandre Bayen, and Yi Wu. The surprising
effectiveness of ppo in cooperative, multi-agent games. arXiv preprint arXiv:2103.01955, 2021.

Chao Yu, Akash Velu, Eugene Vinitsky, Jiaxuan Gao, Yu Wang, Alexandre Bayen, and Yi Wu. The
surprising effectiveness of ppo in cooperative multi-agent games. Advances in neural information
processing systems, 35:24611-24624, 2022.

Brian Zhang, Luca Carminati, Federico Cacciamani, Gabriele Farina, Pierriccardo Olivieri, Nicola
Gatti, and Tuomas Sandholm. Subgame solving in adversarial team games. Advances in Neural
Information Processing Systems, 35:26686-26697, 2022.

Fuxiang Zhang, Chengxing Jia, Yi-Chen Li, Lei Yuan, Yang Yu, and Zongzhang Zhang. Discovering
generalizable multi-agent coordination skills from multi-task offline data. In The Eleventh Inter-
national Conference on Learning Representations, 2023. URL https://openreview.net/
forum?1d=53FyUAdP7d.

Lianmin Zheng, Jiacheng Yang, Han Cai, Ming Zhou, Weinan Zhang, Jun Wang, and Yong Yu.
Magent: A many-agent reinforcement learning platform for artificial collective intelligence. In
Sheila A. Mcllraith and Kilian Q. Weinberger (eds.), Proceedings of the Thirty-Second AAAI Confer-
ence on Artificial Intelligence, (AAAI-18), the 30th innovative Applications of Artificial Intelligence

15


http://papers.nips.cc/paper_files/paper/2023/hash/f7d3cef7ff579f2f903c8f458e730cae-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2023/hash/f7d3cef7ff579f2f903c8f458e730cae-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://doi.org/10.1609/aaai.v34i05.6221
https://doi.org/10.48550/arXiv.2302.01560
https://doi.org/10.48550/arXiv.2302.01560
https://www.usenix.org/conference/usenixsecurity21/presentation/wu-xian
https://www.usenix.org/conference/usenixsecurity21/presentation/wu-xian
https://dl.acm.org/doi/10.5555/3545946.3598745
https://dl.acm.org/doi/10.5555/3545946.3598745
https://openreview.net/forum?id=53FyUAdP7d
https://openreview.net/forum?id=53FyUAdP7d

Under review as a conference paper at ICLR 2026

(IAAI-18), and the S8th AAAI Symposium on Educational Advances in Artificial Intelligence (EAAI-
18), New Orleans, Louisiana, USA, February 2-7, 2018, pp. 8222-8223. AAAI Press, 2018. doi:
10.1609/AAALV32I1.11371. URL https://doi.org/10.1609/aaai.v32i1.11371.

Tianze Zhou, Fubiao Zhang, Kun Shao, Kai Li, Wenhan Huang, Jun Luo, Weixun Wang, Yaodong
Yang, Hangyu Mao, Bin Wang, Dong Li, Wulong Liu, and Jianye Hao. Cooperative multi-agent
transfer learning with level-adaptive credit assignment. CoRR, abs/2106.00517, 2021. URL

https://arxiv.org/abs/2106.00517.

16


https://doi.org/10.1609/aaai.v32i1.11371
https://arxiv.org/abs/2106.00517

Under review as a conference paper at ICLR 2026

APPENDIX FOR "ADVERSARIAL POLICY TRANSFER IN
MIXED COOPERATIVE-COMPETITIVE GAMES"

Declaration of LLM usage. LLMs were employed for text polishing and as an integral method in
this study. The authors have thoroughly reviewed and validated all content presented in the paper.

A PSEUDO CODE FOR OUR TRANSFERABLE ADVERSARIAL POLICY

In Section[3.1] we use a large language model (LLM) to iteratively summarize the set of identified
tactics and their proportions across training scenarios, which we treat as ground-truth types for
Bayesian inference. Specifically, the LLM first outputs a set of candidate tactics, then estimates their
proportions for each scenario. Adversarial agents learn to infer these ground-truth tactics via Bayesian
inference. We then refine both the set and proportions based on episode rewards and trajectories
generated by a transferable policy trained on the previously extracted tactics. In Section[3.2] during
policy execution, each agent adaptively reduces its view of the scenario by partitioning it into
manageable, transferable subgames that generalize across environments, enabling more effective
tactic execution. The full process is detailed in the pseudo code below.

Algorithm 1 Transferable adversarial policy framework in our paper

Initialize prompt P with successful attack trajectories for each training scenarios.
for ; = 1 to iterations_num do
Use P as the input of LLM and get the set of all tactics A and their proportions
{9 }enve Envs for each adversarial scenario.
for env € Envs do
for episode = 1 to episodes_num do
for t = 1 to max_episode_len do
Use Equation [ to update the beliefs over tactics based on the agents’ current views.
Use adversarial scene decomposition to select the proper actions.
end for
Use A7'1%, as ground-truth type for the training scenario to update the dynamics model
Py by Equation 3]
Use Equation [I0} [TT|and 9] to update the policy for 7, and 7y, , as well as the shared
critic Q.
end for
end for
for env € Envs do
Interact with enwv to get action sequences traj of every agents and total reward r.
Translate ¢raj, r into textual descriptions P; ¢p,
P P+ Piens
end for
end for

B DETAILS ON THE LLM PROMPTS AND OUTPUTS

Above all, we first clarify how LLMs are used to generate adversarial tactics. Specifically, we pass
the actions and rewards of the agents to the LLM. To transform input trajectories into prompts, we
first convert the actions into text (e.g., "Attack Enemy 0, moving north"). We then concatenate these
action descriptions from each agent at each timestep, along with the associated rewards (e.g., "In step
X, the actions of each agent are (...)"). While coordinates and health points may provide valuable
information for adversarial tactics acquisition, we have found that including them does not necessarily
improve adversarial performance. In fact, adding these details often complicates the prompts, making
them harder for the LLM to process. We plan to explore this further in future work.

After that, the LLMs analyze the common patterns across different trajectories with the help of
external common sense and identify the set of tactics present in the trajectories based on its rich
external knowledge and common sense. For example, in the adversarial settings of Figure|l| LLMs
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first identify that the whole adversarial team adopts the "Disperse"” tactic. Then, LLMs observe that
the team adopts the "Focus-fire" tactic. Along with other trajectories, LLMs identify the set of tactics
used.

The LLMs then estimate the proportion of each tactic across different trajectories. Specifically, LLMs
mark the time span of each tactic in the trajectories. For instance, LLMs analyze that in the 3m
scenario, agents adopt the "Disperse” tactic from timestep O to 6, followed by "Focus-fire" from
timestep 6 to the end. By doing so, LLMs calculate the proportion of each tactic, which acts as the
adversarial tactics for the scenario.

For example, the LLM first proposes a set of tactics "[Focused Fire, Flanking Maneuver, Spread
Artack, Coordinated Harassment]", and assigns the proportion of tactics [0.5,0.3, 0.1, 0.1] to the 3m
task as its latent embedding. Similarly, the LLM assigns the proportion [0.25, 0.25,0.3, 0.2] to the 8m
task as its latent embedding. These two vectors are then used as the ground-truth latent embeddings
for the corresponding environments.

We present our initial LLM prompt for SMAC in the transfer setting across tasks with varying
numbers of agents, along with successful attack trajectories. Only the first three timesteps are shown
for brevity.

Listing 1: Initial prompt for transfer attack in StarCraft II (varying number of agents)

We plan to study the transfer problem in multi-agent reinforcement
learning on the SMAC environment.

Here’s the basic situation: we have two maps, 3m and 8m. For the 3m map,
the battle involves 3 marines versus 3 marines. For the 8m map, the
battle involves 8 marines versus 8 marines. In addition, we have
multi-agent models trained on these two maps. These models can
control our units in the game and compete against computer-controlled

enemy units on these two maps, achieving victory and obtaining the
highest rewards.

Now, we want to train adversarial agents. These adversarial agents will
replace the computer-controlled units and fight against the trained
models, aiming to disrupt the actions of the trained models,
preventing them from executing normal actions and reducing the
rewards they obtain.

By training adversarial agents on the two maps, we hope that the trained
agents can also be effective in attacking on other marine-based maps.
Therefore, to achieve this attacking effect, I hope you can suggest
strategies that the adversarial multi-agents can adopt in this
scenario. Additionally, for the maps above, how can these strategies
be combined? If possible, please express this quantitatively.

For example, in this scenario, there could be four strategies: A, B, C,
and D. For the 3m map, you could use 0.1 of strategy A and 0.2 of
strategy B. For the 8m map, you could use 0.3 of strategy C and 0.7
of strategy D.

The strategies do not necessarily have to be four; you should list them
according to your analysis. Additionally, you need to provide a
reasonable explanation for the quantitative combination of strategies

for each map.

In addition, we have trained adversarial agents as expert agents in each
of the maps mentioned above, which replace the computer-controlled
units and fight against the trained models, and listed their actions
in one evaluation below. You can provide your analysis of these
actions and behaviors, and refer to them to provide appropriate
strategies.

For 3m_expert, in step 0, the actions of agents are (moving south, moving
east, moving south); in step 1, the actions of agents are (moving
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south, stopping without taking any action, moving south); in step 2,
the actions of agents are (moving south, moving south, moving south);
in step 3...

For 8m_expert, in step 0, the actions of agents are (moving north, moving
north, moving north, moving north, moving north, moving north,
moving north, moving north); in step 1, the actions of agents are (
moving north, moving north, moving north, moving north, moving north,
moving north, moving north, moving north); in step 2, the actions of
agents are (moving north, moving north, moving north, moving north,
moving north, moving north, moving north, moving north); in step 3...

This yields the first round of tactics distilled by the LLM:

Listing 2: First round of tatics for transfer attack in StarCraft II (varying number of agents)

To effectively train adversarial agents in the SMAC environment that can
generalize across different map sizes (3m, 8m), it’s essential to
design a set of robust strategies. These strategies should disrupt
the trained multi-agent models’ operations, reduce their rewards, and

maintain effectiveness across varying scales of engagements.

Proposed Adversarial Strategies
Focused Fire (FF)

Description: All adversarial marines concentrate their attacks on a
single target at a time to eliminate enemy units rapidly.

Objective: Quickly reduce the number of enemy units, decreasing the
opposing team’s firepower and coordination.

Flanking Maneuver (FM)

Description: Adversarial marines position themselves to attack enemy
units from the sides or rear, exploiting positional vulnerabilities.

Objective: Disrupt the enemy’s formation and force them to split their
attention, leading to potential miscoordination.

Spread Attack (SA)

Description: Adversarial marines spread out to engage multiple enemy
units simultaneously.

Objective: Prevent the enemy from concentrating their firepower,
increasing the likelihood of survival for adversarial units.

Coordinated Harassment (CH)

Description: Adversarial marines employ hit-and-run tactics, constantly
repositioning to keep the enemy off-balance.

Objective: Induce errors in the enemy’s decision-making process and
disrupt their planned actions.

Quantitative Strategy Combinations for Each Map

To tailor these strategies effectively across different map sizes, we
assign specific weights to each strategy based on the map’s scale and
the dynamics of engagement.

1. 3m Map (3 Marines vs. 3 Marines)
Strategy Combination:

Focused Fire (FF): 50%
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Flanking Maneuver (FM): 30%

Spread Attack (SA): 10%

Coordinated Harassment (CH): 10%
Rationale:
Focused Fire (50%): In small engagements, eliminating enemy units quickly

is crucial to gaining a tactical advantage.

Flanking Maneuver (30%): With fewer units, effective flanking can
significantly disrupt the enemy’s formation.

Spread Attack & Coordinated Harassment (20% combined): Limited utility in
very small engagements but can provide slight unpredictability.

2. 8m Map (8 Marines vs. 8 Marines)
Strategy Combination:

Focused Fire (FF): 25%

Flanking Maneuver (FM): 25%
Spread Attack (SA): 30%
Coordinated Harassment (CH): 20%
Rationale:

Spread Attack (30%): With more units, spreading out to engage multiple
enemies prevents the opposing team from concentrating their attacks.

Focused Fire & Flanking Maneuver (25% each): Still important for
targeting key units and disrupting formations.

Coordinated Harassment (20%): Enhanced with more units to effectively
execute hit-and-run tactics.

Strategy Integration Across Maps

The proposed strategy weights are designed to scale logically between the
3m and 8m maps, ensuring that the adversarial agents can adapt their
approach based on the number of units and the map size. For instance:

Focused Fire is more heavily weighted in smaller maps where eliminating
even a single unit can dramatically shift the balance.

Spread Attack gains prominence in larger maps where distributing attacks
can effectively dilute the enemy’s focus.

Flanking Maneuver maintains a consistent importance across maps but
adjusts slightly based on the number of units.

Coordinated Harassment provides additional disruption in larger
engagements but remains a supporting strategy in smaller ones.

Quantitative Summary

Strategy 3m Map (%) 8m Map (%)
Focused Fire (FF) 50 25

Flanking Maneuver (FM) 30 25
Spread Attack (SA) 10 30
Coordinated Harassment (CH) 10 20

Total 100 100
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Implementation Considerations
Dynamic Strategy Adjustment:

Depending on the real-time state of the battle (e.g., remaining units,
health levels), the adversarial agents can dynamically adjust the
weights of these strategies to respond to changing conditions.

Learning-Based Weight Optimization:

Utilize reinforcement learning to fine-tune the strategy weights based on
performance metrics across different maps. This can enhance
adaptability and effectiveness beyond the initial heuristic-based
assignments.

Cross-Map Generalization:

By training adversarial agents with a diverse set of strategy
combinations on both 3m and 8m maps, the agents can learn to
interpolate strategies effectively for intermediate map sizes.

Scalability:

Ensure that each strategy scales appropriately with the number of units.
For example, Focused Fire should prioritize high-value targets
proportionally as the number of adversarial units increases.

Conclusion
By defining clear adversarial strategies and assigning them proportionate
weights based on map size, the adversarial agents can effectively

disrupt trained multi-agent models across different environments. The
proposed quantitative combinations ensure that the adversaries
remain versatile and potent, whether operating in smaller skirmishes
or larger battles, thereby enhancing the robustness and
transferability of the trained adversarial agents to the target maps.

Next, we iteratively refine the extracted tactics based on the episode rewards and trajectories generated
by a transferable adversarial policy trained using the previously proposed tactics. We encode the
above information as textual input to continue the same dialogue with the LLM and obtain refined
tactics:

Listing 3: Prompt used to refine tactics for transfer attack in StarCraft II (varying number of agents)

Here are the strategies you have provided us with, as well as the
strategy combinations for each map.

Focused Fire (FF)

Description: All adversarial marines concentrate their attacks on a
single target at a time to eliminate enemy units rapidly.

Objective: Quickly reduce the number of enemy units, decreasing the
opposing team’s firepower and coordination.

Flanking Maneuver (FM)

Description: Adversarial marines position themselves to attack enemy
units from the sides or rear, exploiting positional vulnerabilities.

Objective: Disrupt the enemy’s formation and force them to split their
attention, leading to potential miscoordination.

Spread Attack (SA)

Description: Adversarial marines spread out to engage multiple enemy
units simultaneously.

Objective: Prevent the enemy from concentrating their firepower,
increasing the likelihood of survival for adversarial units.

Coordinated Harassment (CH)
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Description: Adversarial marines employ hit-and-run tactics, constantly
repositioning to keep the enemy off-balance.

Objective: Induce errors in the enemy’s decision-making process and
disrupt their planned actions.

3m Map:

Strategy Combination:

Focused Fire (FF): 50%

Flanking Maneuver (FM): 30%
Spread Attack (SA): 10%
Coordinated Harassment (CH): 10%

Rationale:

Focused Fire (50%): In small engagements, eliminating enemy units quickly
is crucial to gaining a tactical advantage.

Flanking Maneuver (30%): With fewer units, effective flanking can
significantly disrupt the enemy’s formation.

Spread Attack & Coordinated Harassment (20% combined): Limited utility in
very small engagements but can provide slight unpredictability.

8m Map:

Strategy Combination:
Focused Fire (FF): 25%
Flanking Maneuver (FM): 25%
Spread Attack (SA): 30%
Coordinated Harassment (CH): 20%

Rationale:

Spread Attack (30%): With more units, spreading out to engage multiple
enemies prevents the opposing team from concentrating their attacks.

Focused Fire & Flanking Maneuver (25% each): Still important for
targeting key units and disrupting formations.

Coordinated Harassment (20%): Enhanced with more units to effectively
execute hit-and-run tactics.

We have trained the model on 3m, 8m map according to the strategy above.
The reward for 3m is 4.79, the reward for 8m is 12.31, and the lower
the reward, the better the effectiveness in transferable adversarial
attacks. For these maps, we have listed their actions in one
evaluation below.

For 3m_roundl, in step 0, actions are (move south, move south, move south
); in step 1, actions are (move south, move south, move south); in
step 2, actions are (move south, move south, move south); in step 3...

For 8m_roundl, in step 0, actions are (move west, move south, move south,
move south, move south, move south, move south, move west); in step
1, actions are (move north, move south, move south, move south, move
south, move south, move south, move north); in step 2, actions are (
move north, move south, move south, move south, move south, move
south, move south, move north); in step 3...

Please provide your analysis of actions above and adjust the proportions
of the strategies for 3m, 8m to reduce the reward of each map.

In this paradigm, we iteratively extract tactics that successfully deceive victims using LLMs, and use
these tactics as ground truth to train the dynamics model for Bayesian inference at test time.
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C ADDITIONAL DETAILS ON EXPERIMENTS

C.1 ADVERSARIAL TACTICS USED IN EXPERIMENTS

In Section[3.1] we emphasize that we select the models with the best adversarial performance on
training tasks and deploy them to target tasks without further finetuning. And now we present the
tactics used by these models:

Listing 4: Tactics used to train models for adversarial transfer

Starcraft II (Transfer across tasks with varying numbers of agents,
marines series) :

Strategy 3m Map (%) 8m Map (%)

Focused Fire (FF): 50 25

Flanking Maneuver (FM): 30 25

Spread Attack (SA): 10 30

Coordinated Harassment (CH): 10 20

Starcraft II (Transfer across tasks with varying numbers of agents,
stalkers_vs_zealots series):

Strategy 3s_vs_3z Map (%) 3s_vs_5z Map (%)

Focused Aggression: 30 20

Swarming: 25 40

Flanking Maneuvers: 25 25

Disruptive Movement: 20 15

Starcraft II (Transfer across tasks with varying numbers of agents,
combination of marines and stalkers_vs_zealots series):

Strategy 3m Map (%) 3s_vs_3z Map (%) 3s_vs_5z Map (%) 2s3z Map (%) 8m Map

(%)

Aggressive Target-Focused Attack: 60 0 0 0 30

Divide and Conquer: 0 30 20 50 50

Kiting and Evasive Maneuvers: 0 70 80 30 O

Focus-fire Interrupt: 0 0 0 20 20

Starcraft II (Transfer across tasks with different agent types):
Strategy Protoss_5_vs_5 Map (%)
Aggressive Target-Focused Attack: 40
Harassment and Distracting Movements: 30
Defensive Stalling and Counterattacks: 0

Coordinated Ambushes or Traps: 30

Starcraft II (Transfer across tasks with different victim policies):
Strategy 3m Map (%) 3s_vs_3z Map (%) 2s3z Map (%)
Aggressive Target-Focused Attack: 60 0 O

Divide and Conquer: 0 30 50

Kiting and Evasive Maneuvers: 0 70 30

Focus-fire Interrupt: 0 0 20

MAgents:

Strategy 12_vs_12 (%) 30_vs_30 (%)
Bait: 15 20

Flank: 25 35

Focus Fire: 20 30

Disruption: 40 15

C.2 IMPLEMENTATION DETAILS

Implementations of UPDeT (Hu et al.,2021), MATTER (Qin et al.,[2022), DT2GS (Tian et al.| 2023),
and SUB-PLAY (Ma et al.,|[2024) share the same codebase and hyperparameters. For UPDeT (Hu
et al., 2021), we perform observation decomposition o} = [oi’l, .. ,Oi’N], treating the decomposed
elements {0}/ } jenr as input tokens to a self-attention encoder (Vaswani et al.,|2017). And we encode

the history information as an additional recurrent token. For MATTER (Qin et al., 2022}, we construct
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the explainer network using the same architecture as the dynamics model in our framework and train
it using Equation 3} replacing A7,z as with the basis vector. For DT2GS (Tian et al., 2023), we follow
the original paper’s procedure to select a skill for each agent, then encode the selected skill as a
token and feed it into a Transformer (Vaswani et al.,[2017)) to compute the action distribution. For
SUB-PLAY (Ma et al.,[2024), we apply random masking to a subset of agents with probability p,,
to implement uncertainty limitation. All baselines and our framework use the same actor network
architecture.

For multi-task training in Section we adopt the curriculum learning paradigm from (Wang et al.,
2020), training the transfer policy sequentially across the training scenarios. Additionally, for iterative
tactic acquisition, we prompt the LLM three times in each transfer setting and train the adversarial
transfer policies from scratch in each iteration to ensure fairness. Final tactic extraction results are
shown in Appendix [C.T]

During training, we use shared networks for different agents to improve the generalization of the
networks. This results in the training of four networks: the dynamics network Py, the scene decompo-
sition network 7, , the action selection network 7y, , and the shared critic network ¢. Additionally,
both 7y, and my, share the same self-attention encoder, which processes the observations. However,
my, has a dedicated action head.

For training stability, the additional networks are designed to assist the attack process. Initially,
the policies and additional networks output random actions to focus on exploration. As training
progresses, the information from the additional networks becomes increasingly helpful in guiding the
attack policy. Empirically, we observe that the results of our attack are consistent over five random
seeds.

In terms of computational overhead, the algorithms use 17M of video memory and take about one
day to train the most complex setting on a single 3090 GPU. The training time for our framework is
approximately 60% longer than that of the simplest method, UPDeT.

We present all hyperparameters of each environment in the table below:

Table 4: Hyperparameters in SMACDual environment.

Hyperparameter Value Hyperparameter Value | Hyperparameter Value
rollouts 20 mini-batch num 1 PPO epoch 5
gamma 0.99 max grad norm 10 PPO clip 0.05

gain 0.01 max episode len 200 entropy coef 0.01
Transformer depth 2 actor Ir Se-4 eval episode 32
hidden dim 128 critic Ir Se-4 optimizer Adam
Huber loss True Transformer head 3 GAE lambda 0.95
use PopArt True belief Ir Se-4 Huber delta 10
total timestep 1000000 belief epoch 5 critic epoch 5
SUB-PLAY p,, 0.5 MATTER few-shot Episodes 40 DT2GS ny 4

Table 5: Hyperparameters in MAgent environment.

Hyperparameter Value Hyperparameter Value | Hyperparameter Value
rollouts 1 mini-batch num 1 PPO epoch 5
gamma 0.99 max grad norm 10 PPO clip 0.05

gain 0.01 max episode len 400 entropy coef 0.01
Transformer depth 2 actor Ir Se-4 eval episode 32
hidden dim 128 critic Ir Se-4 optimizer Adam
Huber loss True Transformer head 3 GAE lambda 0.95
use PopArt True belief Ir Se-4 Huber delta 10
total timestep 800000 belief epoch 5 critic epoch 5
SUB-PLAY p,, 0.5 MATTER few-shot Episodes 40 DT2GS n;, 4
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D ADDITIONAL EXPERIMENTAL RESULTS IN STARCRAFT II

Table 6: Average rewards received by victim agents in different SMAC stalkers_vs_zealots series
tasks (). Our method demonstrate stronger transfer result in 4 out of 5 tasks.

Task UPDeT MATTER DT2GS SUB-PLAY Ours
Source Tusks 3s_vs_3z 16.34 £ 0.24 8.96 £ 0.63 13.88 £ 0.34 17.98 £ 4.51 7.53 +£0.20
3s_vs_5z 14.42 £ 2.67 10.45 £ 1.27 3.2 +0.01 9.25 £0.93 3.2+ 0.04
3s_vs_4z 15.44 £ 0.71 11.89 £ 0.56 16.76 £ 0.26 14.79 £ 0.64 6.82 £+ 1.50
Unseen Tasks 4s_vs_3z 14.85 £ 1.19 8.88 £ 0.96 15.88 £ 2.39 13.46 +£3.72 6.82 £ 0.53
4s_vs_4z 1491 +1.03 11.70 £ 0.89 10.29 £ 3.00 16.25 £ 1.20 8.03 £+ 0.79

In Section [4.2] we evaluate transfer attack performance in SMAC under three different transfer
paradigms, one of which involves transferring across tasks with varying numbers of agents. We
primarily assess this using the marines series. In addition, we present results on the stalkers_vs_zealots
series to demonstrate that our method can also support other agent types within this transfer paradigm.
Specifically, we train adversarial policies on 3s_vs_3z and 3s_vs_5z, and then evaluate on tasks
3s_vs_4z, 4s_vs_3z and 4s_vs_4z. As shown in Table[6] our method demonstrate stronger transfer
result in 4 out of 5 tasks and remains consistently effective in the unseen setting, achieving an average
of 16% improvement over the best baseline.

Table 7: Average rewards received by victim agents in different SMAC stalkers_vs_zealots series
tasks (). Our method demonstrate stronger transfer result in 4 out of 5 tasks.

Task UPDeT MATTER DT2GS SUB-PLAY Ours

3m 10.13 £ 5.75 15.60 + 1.53 11.84 + 4.06 6.40 4+ 0.54 5.97 +0.27

3s_vs_3z 7.26 £ 0.65 7.36 £ 0.07 7.22 £ 0.40 741 £0.18 6.53 £+ 0.19

Source Tasks 3s_vs_5z 3.53 +£0.35 3.17 & 0.08 3.48 +0.32 3.87 =043 2.86 + 0.17
253z 1421 £+ 1.57 15.81 + 0.86 12.26 + 1.18 12.53 £ 1.52 10.30 + 1.22

8m 11.82 +0.82 15.03 £ 0.38 11.07 £ 1.19 9.50 4+ 0.59 9.09 + 0.99

2m_vs_Iz 5.06 + 0.15 5.03 £+ 0.05 5.49 +£0.93 5.06 + 0.15 4.11 +0.75

3s_vs_4z 5.17 £0.37 474 +£0.14 542 +£0.62 532 40.18 4.57 +0.21

4s_vs_4z 8.50 + 0.54 10.03 £ 0.59 8.26 £ 0.44 7.86 £0.22 7.48 £+ 0.31

Unseen Tasks 4s_vs_3z 15.67 + 3.55 16.27 + 0.90 14.19 £+ 3.37 12.22 £+ 0.73 11.14 4+ 0.48
6m 14.40 £ 4.85 15.90 £ 0.76 14.20 £+ 5.29 11.03 £ 5.01 9.60 + 1.51

1lm 16.20 + 2.89 20.00 £ 0.00 20.00 £ 0.00 12.12 £ 1.32 10.81 + 1.61

3s5z 14.11 £ 0.64 14.09 + 0.34 12.23 £ 1.01 14.39 £+ 0.34 11.91 + 0.66

In addition, we conduct experiments on a more complex series involving multiple agent types on each
side. This series can be viewed as a merge of the marines and stalkers_vs_zealots benchmarks, along
with several environments that contain agent types from both (e.g., 2m_vs_1z, 253z, 355z). As shown
in Table[/| our method consistently achieves stronger transfer performance across all 11 tasks and
remains effective in unseen settings, yielding an average improvement of 4% over the best baseline.

E IMPACT OF ADVERSARIAL TACTICS

In Section 3.1} we adopt GPT-40 (Hurst et al., 2024) to generate adversarial tactics. To assess how
tactic-generation methods affect adversarial transfer, we conducted additional experiments. First, we
applied pattern mining by deriving latent embeddings for each task from tokenized agent types and
numbers, then mining interaction patterns from the interaction, similar to the process in ODIS (Zhang
et al., [2023)), with the embeddings as the additional conditional input. Second, we evaluated different
LLMs, including Gemini 2.5 Pro (Comanici et al., [2025), GPT-03 (OpenAl, 2025), and weaker
models such as GPT-3.5 and Gemini 1.5 Flash (Reid et al., [2024). Finally, to test robustness to
hallucinations, we assigned uniform tactic proportions to each agent (e.g., [0.25, 0.25, 0.25, 0.25]),
simulating the effect of unreliable outputs. Results are reported in Table|[§]
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Table 8: Average rewards received by victim agents in StarCraft II, with varying methods of generating
adversarial tactics.

Task Uniform Proportion Pattern mining Gemini 2.5 Pro GPT-03 Gemini 1.5 Flash GPT-3.5 GPT-40
Source Tasks 3™ 7.26 & 045 2244008 1.64+033 2844056 2174018 3744067 1.91 +047
ource 1asks— o 12.81 +0.49 7394007 6004028 6.00+028 6214029 6544071 523 +0.58
4m_vs_3m  20.00 £ 0.00 1176 £ 072 210+ 044 2964023 2504055 617 +0.92 2.76 £ 0.44
Unseen Tasks SM-vS-3m  20.00 £ 0.0 20.00 +0.00 3.134+0.74 3244030 3.64+048 17.60 & 5.37 3.43 + 0.90
nseen Tasks g 11.40 4 039 7.06 +0.16 439 +048 4384061 4714112 7714072 423 + 1.65
1m 13.85 £0.23 1288 £021 525+041 5924106 6494061  7.34+£0.57 6.83 + 1.96

These results yield three main conclusions. First, tactics generated by powerful LLMs (e.g., Gemini
2.5 Pro, GPT-40) consistently outperform pattern mining, as LLMs leverage external knowledge and
common-sense reasoning (e.g., from SC2 tutorials and online forums) to propose more sophisticated
adversarial strategies, whereas pattern mining is limited to interaction data. Second, the choice of
LLM has little effect once the model is sufficiently strong (e.g., Gemini 1.5 Flash, Gemini 2.5 Pro,
GPT-03, GPT-40), with only minor scenario-specific differences, suggesting that effective tactics in
cooperative—competitive games largely depend on common sense. In contrast, weaker models (e.g.,
GPT-3.5) degrade performance, showing that our method is not fully immune to poor tactic generation.
Third, uniform tactic proportions consistently underperform relative to LLM outputs, indicating some
sensitivity to hallucinations. Nevertheless, repeated prompting produced stable outputs, and the
generated tactics (e.g., for 3m: Flanking Maneuver, Coordinated Harassment, followed by Spread
Attack and Focused Fire) closely matched observed behaviors (Fig. [I), suggesting that hallucinations
are not a significant concern in practice.

F PROOFS

F.1 PROOF OF PROPOSITION 3.1

Here we present the full proof of convergence of Q*(s,a, m, b). We first show that updating Q° by
Bellman operator 15 is a contraction on Banach space, with B defined as:

(BQ') (s,a,m,b) =ry +7 Y _ Pu(s']s,a,0)
s'eS
ST op@IR) D e, m |1 )QL(s & m V).

b’EA(A) a’,m’'eA,

(12)
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Define two Q functions Qi (s, a, m,b) and Q}(s,a, m,b), we need to show the Bellman operator B
is a contraction in sup-norm:

1BQ1 — BQj|l
= maxb\ (BQY) (s,a,m,b) — (BQY) (s,a,m,b)|

= max, rtJrfyZP 'Is,a,0) Z p(b'|h) Z m.(a, m'|h 0)QY (s’ a’, m', V)
s,2,m,b s'€S b EA(A) a’meA,
—ri =7 > Pals'ls,a,0) Y pW|R) Y malal,m'|W,6)Qh(s &, m,b)
s'eS b’eA(A) a’m’'eA,
= max ZP "Is,a,0) Z p(b'|h") Z mo(a’,m'|h',b")
8,8,m,b s'eS b eEA(AN) a’m'eA,

(in(s/’ a’,m', ') — Q%(Sl,a/7 m’, b/))
< max WZ”P (s'|s,a,0) Z p(b'|R) Z mo(a’, m'|h',b)

s,a,m,b
s'eS b'eA(A) a’,;m’'cA,

‘Q«s',ac e Y

< ’VHQi(s/a alv m/»bl) - Qé(s'7a/, m/7 bI)HOO
(13)

Thus, B is a contraction operator. Finally, by Banach’s fixed point theorem, with finite joint action
space A, state space S, and assume each state-action pair is visited infinitesimally often, updating
Q' (s, a,m, b) by Bellman operator B will converge to the optimal value function Q%*(s;,a, m, b).
Note that the guaranteed convergence happens in tabular case. This motivates us to use MAPPO
algorithm as a practical solver of this problem.
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F.2 PROOF OF THEOREM 3.1

We first discuss the policy gradient with 7, (a, m|h,b).

=Vyig | > p0lh) D mu(a,mlh,b)Q(s,a,m,b)

beA(O) amecA,

beA(O©) a,mecA,

3 polk) Y [Vw§7wé7r,i(ai,mi|hi,bi)Qi(s,a,m,bi)+wa(a,m|h,bi)V¢17¢2Qi(s,a,m,b)}

beA(O) ameA,

> oplh) Y {Vm,w;wi(ai,mi|hi,bi)Qi(s,a,m,bi)—|—7ra(a,mh,bi)V%’%(R(s,a,@)

beA(O) a,meA,

+9 > Palsls,a0) > pn) > 7ra(a’,m’|h’7b’)Qi(s’7a',m’,b’))}

s'eS b’ EA(A) a’,m’€A,
> oplh) > {w;,mz(ai,milhi,bi>Qi(s,a,m7bi)+m(a,m|h,bi>Z%(s’ls,a,e)

s'eS

> PV | (@, m |1 )Q (s &, m V) }

b’eA(A) a’,m'eA,

ZiPr(s—)s’,t,ﬁa) Z p(blh) Z [V¢§7¢;ﬂé(ai,mi|hi,bi)Qi(s’,a,m,bi)

s'eS t=0 beA(O) a,meA,
(14)
Then we have:
Vw;‘,w;Ji(WL Ph)
=Y > Pr(s—st,ma) »_ pblh) > [Vw;,wﬂi(ai,mﬂhi, b)Q (s, a,m, b')
sES t=0 beA(O) a,meA, (15)

xS dm(s) Y polh) Y [vwi,wéwg(aamiw,bi)Qi(s,a,m,bi)]

s€S beA(O) ameA,

= IESNdwa7b~p(.|h)_’avmw7ra(i|h,b) [Vwi,w; log ﬂ;(ai7 mi|hi7 bi)Qi(s7 a,m, bz‘)}

Then we divide 7, into the inference that consists of 2 stages, and get:

Vi s log mh (al,m |1, 0) = (Vs log my (a' |k, m?, 1Y), Vs > logmys (m™7[h',b%))  (16)

JEN

Considering the shared parameters between different agents, finally we get:

V’Lbz‘](d]Q) - ESN(ZWE,pr(<|h)7a7m~7rn’(-|h,b),i€7'a Z va log 7(-'402 (ml,]

Vi J(101) = Eondra poop(-h),amers (1h,b).ieTs Vi 108y, (a'[h',m’, 0)Q" (s, a,m, ") (17)

RYbHQ (s, a,m, b%) (18)

JEN
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