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Abstract

Despite advancements in language-controlled reinforcement
learning (LC-RL) for basic domains and straightforward
commands (e.g., object manipulation and navigation), effec-
tively extending LC-RL to comprehend and execute high-
level or abstract instructions in complex, multi-agent en-
vironments, such as football games, remains a significant
challenge. To address this gap, we introduce Language-
Controlled Diverse Style Policies (LCDSP), a novel LC-
RL paradigm specifically designed for complex scenarios.
LCDSP comprises two key components: a Diverse Style
Training (DST) method and a Style Interpreter (SI). The DST
method efficiently trains a single policy capable of exhibiting
a wide range of diverse behaviors by modulating agent ac-
tions through style parameters (SP). The SI is designed to ac-
curately and rapidly translate high-level language instructions
into these corresponding SP. Through extensive experiments
in a complex 5v5 football environment, we demonstrate that
LCDSP effectively comprehends abstract tactical instructions
and accurately executes the desired diverse behavioral styles,
showcasing its potential for complex, real-world applications.

Project Page — https://lcdsp-webpage.github.io/LCDSP/

Introduction
Natural language (NL) serves as a powerful interface for hu-
mans to interact with and instruct AI agents. Training agents
to follow NL instructions has been a long-standing goal
in AI (Winograd 1972). Recent advancements in language-
controlled reinforcement learning (LC-RL) (Luketina et al.
2019) have shown promising results, enabling agents to ex-
ecute instructions in domains like navigation, object manip-
ulation, and arrangement (Chen and Mooney 2011; Tellex
et al. 2011; Hill et al. 2020; Brohan et al. 2023; Pang et al.
2023; Szot et al. 2024). Concurrently, significant progress
has been made in training highly capable RL agents for
complex, multi-agent environments such as Dota2 (Berner
et al. 2019), StarCraft II (Vinyals et al. 2019), Gran Turismo
(Wurman et al. 2022), and Google Research Football (GRF)
(Song et al. 2024; Sun et al. 2024). However, a key challenge
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remains: effectively controlling these sophisticated policies
in complex environments, particularly football games, to fol-
low high-level, abstract instructions and exhibit specific, de-
sired behavioral styles.

This challenge stems from two primary difficulties. First,
human instructions in complex scenarios like football are of-
ten high-level and abstract, specifying not just a task out-
come but also a desired behavioral style (e.g., “Prioritize
defensive duties and perform a quick counterattack when op-
portunities arise.”). Such instructions involve long-horizon
planning, intricate coordination among multiple agents, and
require modulating various aspects of agent behavior simul-
taneously, which is difficult for traditional LC-RL meth-
ods designed for simpler, task-oriented commands. Sec-
ond, training LC-RL agents typically relies on evaluating
whether an instruction has been successfully executed to
provide training signals (e.g., through reward shaping pro-
cess). While straightforward in simple tasks with clear com-
pletion criteria (Hill et al. 2020; Driess et al. 2023; Tan et al.
2024; Pang et al. 2023; Szot et al. 2024), determining the
successful execution of abstract, style-based instructions in
complex, dynamic environments like football is highly chal-
lenging and often lacks clear, rule-based criteria. Existing
alternatives like human judgment (Brohan et al. 2023) or ex-
pert data (Fu et al. 2019; Bahdanau et al. 2019) are labor-
intensive and have primarily been applied to simpler envi-
ronments. Given these two challenges, developing methods
that can interpret abstract instructions and enable policies to
execute diverse behaviors in complex, multi-agent environ-
ments presents a significant research problem.

To address these two challenges, we propose a novel LC-
RL paradigm, named Language-Controlled Diverse Style
Policies (LCDSP). LCDSP empowers agents with diverse
behavioral styles and enables fine-grained control over these
styles through human instructions. Our approach involves
training a single RL policy capable of exhibiting a wide
spectrum of behaviors, modulated by continuous style pa-
rameters (SP). This is achieved through a novel Diverse
Style Training (DST) method. Additionally, LCDSP incor-
porates a Style Interpreter (SI) module, specifically designed
to accurately and rapidly translate high-level NL instructions
into the corresponding SP. By training the policy to respond
to SP rather than directly evaluating instruction completion,
our method bypasses the difficulty of defining reward func-
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tions for abstract instructions during RL training. Further-
more, the SI module can be trained separately to perform the
NL-to-SP mapping, offering a flexible and stable solution.

Our main contributions are summarized as follows: (1)
We introduce LCDSP, a novel LC-RL paradigm that effec-
tively comprehends high-level instructions and controls di-
verse policies in complicated, multi-agent environments, ex-
emplified by football games; (2) We present a novel DST
method and demonstrate its effectiveness in training a single
policy capable of diverse behaviors in a complex environ-
ment involving multiple agents, cooperation, competition,
and long-horizon planning. This marks the first application
of multi-style training to such a complex simulation; (3) We
propose the SI, a dedicated module designed for the accurate
and rapid translation of abstract language instructions into
SP. This provides agents with a practical and efficient means
to comprehend high-level commands and operate effectively
in complex environments.; (4) We conduct extensive exper-
iments and policy evaluations, demonstrating the effective-
ness, generality, and fine-grained control capabilities of our
proposed LCDSP framework.

Related Works
Multi-Style RL Multi-style RL methods focus on train-
ing policies capable of exhibiting a range of distinct behav-
ioral styles. These methods have found applications in vari-
ous domains, including game AI (Mao et al. 2024; Mysore
et al. 2022; Shen et al. 2020), robotic control (Abdolmaleki
et al. 2020), and autonomous driving (Zhang et al. 2023).
Multi-objective RL (MORL) is a related framework that can
yield policies with varying behaviors (Abdolmaleki et al.
2020; Mossalam et al. 2016). The primary goal of MORL
is to learn policies that optimize multiple competing objec-
tives simultaneously. Some research aims to learn a set of
policies approximating the Pareto frontier of optimal solu-
tions (Zuluaga, Krause et al. 2016; Chen et al. 2019; Pirotta,
Parisi, and Restelli 2015), while other approaches train a
single policy using vectorized variants of standard RL algo-
rithms (Basaklar, Gumussoy, and Ogras 2023). MORL typ-
ically seeks policies optimal under different linear combi-
nations (weightings) of objectives. In contrast, our method
develops behaviorally diverse policies by varying SP. These
parameters serve as descriptors of desired behavioral charac-
teristics and go beyond simple objective weightings, allow-
ing for more nuanced control over policy execution. Multi-
task RL (MTRL) is another related approach for generating
policies with diverse capabilities (Lan et al. 2024; Liu et al.
2021). MTRL trains policies to complete a number of dis-
tinct tasks, where each task might implicitly require a spe-
cific behavioral style or skill. For instance, Yang et al. (2020)
and He et al. (2024) employ routing networks to reconfigure
a base policy for different tasks. However, MTRL is com-
monly applied to environments with a limited, predefined set
of independent tasks, such as Meta-World (Yu et al. 2020).
Our diverse style policies, enabled by the DST method, in-
tegrate diverse behaviors and are controlled by SP that allow
for continuous variation and combinatorial expression of be-
haviors, enabling a much wider range of styles than a fixed
set of discrete tasks.

Language-Conditioned RL Recent LC-RL approaches
typically condition the policy on both the language instruc-
tion and the current observation, often by embedding both
modalities (Jiang et al. 2019; Pang et al. 2023; Brohan et al.
2023; Hill et al. 2020; Song et al. 2023). Hill et al. (2020)
encode NL instructions using BERT (Devlin et al. 2019) to
condition the policy. TALAR (Pang et al. 2023) proposes
learning a task-specific translator to convert NL to task. Say-
Can (Brohan et al. 2023) leverages large language models
(LLMs) and grounds them through value functions to select
language-conditioned skills. While effective in their respec-
tive domains, most prior LC-RL works have focused on in-
terpreting and executing basic, specific instructions, primar-
ily in simpler environments like object manipulation (Pang
et al. 2023; Hill et al. 2020; Jiang et al. 2019) or navigation to
a specific entity (Tellex et al. 2011). Although some methods
combine these basic tasks to form longer sequences (Brohan
et al. 2023; Song et al. 2023), they fundamentally remain se-
quential compositions of simple commands. In contrast, our
method is designed to understand and execute high-level, ab-
stract, style-based instructions in a complex, multi-agent en-
vironment by mapping these instructions to a diverse space
of behavioral styles.

Preliminaries
RL is typically formulated as a Markov Decision Process
(MDP) (Kumar et al. 2023; Sun et al. 2025), defined by
the tuple ⟨S,A, P, r, γ⟩. Here, S represents the state space,
and A denotes the action space. The transition function P :
S×A×S → [0, 1] captures the environment dynamics, spec-
ifying the probability of transitioning to state st+1 ∈ S from
state st ∈ S by taking action a ∈ A. The reward function r :
S×A → R assigns a reward to each state-action pair. A pol-
icy π(a|s) is the agent’s behavior function, mapping states to
actions or providing a probability distribution over actions.
The value function V π(s) evaluates the quality of a state
by predicting future rewards. In RL, the goal is to learn an
optimal policy π∗ that maximizes the expected discounted
sum of rewards. Formally, the optimal policy is defined as:
π∗ = argmaxEs [V

π(s)], where the value function V π(s)
is given by: V π(s) = Eτ∼π,P (s) [

∑∞
t=0 γ

tr (st, at)]. Here,
γ ∈ [0, 1) is the discount factor, and τ ∼ π with P (s) indi-
cates sampling a trajectory τ for a horizon T starting from
initial state s0 using policy π, and st ∈ τ represents the state
at t-th time step in the trajectory τ .

Conditioned RL can be formulated as an augmented MDP,
which is defined by the tuple ⟨S,C,A, P, rc, γ⟩. The ad-
ditional tuple element C is the space of conditions, and
other elements retain their definitions from the standard
MDP. The reward function rc: S × A × C → R assigns
the reward to each state-action-condition triplet. Similarly,
the policy π(a|s, c) maps both states and conditions to ac-
tions. The objective in conditioned RL is to find a policy
π(a|s, c) that maximizes the expected discounted sum of
rewards: Eτ∼π,s0∼P (s0),c∼Pc

[
∑∞

t=0 γ
trc (st, at, c)], where

P (c) represents a distribution over conditions in C, and
P (s0) represents the distribution of initial states. This ob-
jective can also be expressed with a standard MDP by aug-
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Figure 1: Overview of the inference process of LCDSP.

menting the state information with a condition context, ex-
plicitly conditioning the policy on c allows the agent to adapt
its behavior based on different conditions.

Method
Overall Architecture
From a technical standpoint, achieving a method capable of
understanding high-level human instructions and executing
corresponding behaviors accurately and swiftly in complex
environments necessitates overcoming two primary techni-
cal challenges. First, the development of a policy that can
exhibit a wide range of diverse behaviors and is amenable
to fine-grained control aligned with varied instructions. Sec-
ond, the accurate and efficient translation of these instruc-
tions into a format directly consumable by the policy.

To address the first challenge, we propose the DST
method. It enables the training of a single RL policy capable
of fine-grained control over agent behaviors in complex en-
vironments through the SP. These parameters serve as con-
tinuous or discrete inputs that modulate the policy’s actions.
Furthermore, the DST method incorporates a novel sampling
strategy to efficiently explore the style parameter space and
accelerate the training process. To tackle the second chal-
lenge, we introduce the SI module. The SI is designed to
accurately and rapidly translate high-level instructions into
the corresponding SP that control the DST-trained policies.

The LCDSP paradigm integrates these two components,
as illustrated in Figure 1. During inference, LCDSP receives
a user instruction, then the SI processes this instruction to
generate a corresponding SP vector, denoted as ω. This pa-
rameter vector ω, along with the current environment state
st, is then fed into the trained policy, which outputs the
appropriate action at to be executed in the environment,
leading to the next state st+1. This modular design enables
LCDSP to achieve its objective of guiding the RL policy to
follow high-level instructions in complex environments.

Diverse Style Training (DST)
The DST method is designed to address the first key chal-
lenge described before. Similar to standard RL policy train-
ing, we begin by identifying the agent’s main behaviors
within the environment. We then implement reward shap-
ing for those behaviors, allowing the agent’s preference for

Figure 2: Overview of the DST process. For a given training
scenario, we first design a reward shaping scheme for key
agent behaviors, establishing how SP modulate the reward
signal. Before each episode, the style generator samples a
set of SP ω, which influence the rewards received for ex-
ecuting associated behaviors. The policy takes the current
environment state st and SP ω as input to produce action at.
The environment returns the modulated reward rωt and the
next state st+1. These experiences are used by the DST pro-
cess to update the RL policy.

a behavior to be modulated by a corresponding parameter
within the reward function. The preference for a behavior,
in this study, refers to the frequency or intensity with which
the agent exhibits that behavior. A specific combination of
preferences across various behaviors forms a policy style.
The parameters used to control these behavioral preferences
via the reward function are termed SP in this study. Specif-
ically, SP are categorized into two types: Float and Bool.
A Float-type parameter is continuous, ranging from 0 to 1,
and can be mapped to different degrees or intensities of a
behavior. A Bool-type parameter is binary, representing ei-
ther deactivate or activate states for a behavior. We represent
the SP as a vector ω = [ω1, ω2, . . . , ωn], where ωi is the i-
th parameter controlling the preference associated with the
i-th behavior. Each unique vector ω corresponds to a dis-
tinct behavioral style that the policy can potentially learn to
exhibit. The vector ω are crucial for achieving fine-grained
control over the diverse styles within a single policy. During
the DST process, ω acts as a conditional input to the policy,
as illustrated in Figure 2. This conditioning on ω allows the
policy to exhibit different behavioral styles even when pre-
sented with identical environment states. By varying ω, the
trained policy learns to exhibit a wide range of behaviors and
their combinations, enabling it to handle diverse situations.

The RL policy with SP can be optimized by policy gradi-
ent algorithms, the policy optimization criterion Jπθ

is pro-
portional to the advantage function Aπθ , as shown below:

Jπθ
∝ log (πθ(a | s, ω))Aπθ (s, ω, a) (1)
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where Aπθ (s, ω, a) = Qπθ (s, ω, a)− V πθ (s, ω), the policy
π is parameterized by θ, V πθ (s, ω) is the value-function, and
Qπθ (s, ω, a) is the expected return of taking action a in state
s under SP ω.

The value estimator Vϕ, parameterized by ϕ, is optimized
with optimization criteria JV π

ϕ
:

JV π
ϕ
∝ ∥

(
V π
ϕ (s, ω)−

(
rω(s, π(s, ω)) + V π

ϕ (s′, ω) ∥ (2)

where s′ is the next state obtained from the environment af-
ter taking action a, and rω is the reward function modulated
by SP ω.

As the complexity of target behaviors and environments
increases, more SP are typically required to train policies
that meet desired specifications. However, training difficulty
escalates significantly as the number of SP grows. Current
MORL methods typically support only 2 to 4 objectives
(Felten et al. 2023), whereas our training scenario incorpo-
rates 10 agent behaviors. Training a single policy to exhibit
distinct and controllable styles across diverse SP combina-
tions is difficult, as many combinations might lead to am-
biguous or ineffective behaviors. Furthermore, incorporating
more behavioral styles significantly expands the exploration
space. To address this challenge, we propose the Prioritized
Style Sampling (PSS) method. PSS enhances training effi-
ciency by adaptively adjusting the sampling probability of
different SP during training. PSS prioritizes sampling SP
that are expected to lead to more distinct behaviors, as mea-
sured by the entropy of policies across different styles. We
compute the sampling distribution for each style parameter
independently. For a continuous SP vector ω, the sampling
probability P (ωi) of the i-th parameter ωi is defined as:

P (ωi) =
f
(
Hi

max(ω)−H (ωi)
)∫

f (Hi
max(ω)−H (ωi)) dωi

(3)

where H(ωi) is the expected action entropy when condi-
tioned on ωi, computed over the distribution of other SP
combinations ω−i, as defined below:

H(ωi) = Eω−i|ωi,s∼ρπθ

[
−
∑
a

π(a|s, ω) log π(a|s, ω)

]
(4)

And Hi
max(ω) = maxωi∈Ωi H(ωi), where Ωi denotes the

feasible range of the i-th SP. f(x) is a monotonically in-
creasing function, we use f(x) = ex in this study.

This formulation ensures that specific SP combinations
with lower entropy are sampled with higher probability. It
enables the model to focus more on combinations of SP that
reduce entropy during training. The combinations of SP that
reduce entropy indicate more effective learning. In contrast,
SP combinations that do not reduce entropy through training
suggest that these parameters may struggle to form effective
policy styles. For discrete SP values, the sampling probabil-
ities can be directly computed, which is equivalent to apply-
ing the Softmax to H(ωi) when f(x) = ex. For continuous
SP values, when employing the PSS method, discretization
into small intervals can be performed to facilitate the compu-
tation of entropy distribution statistics and subsequent sam-
pling.

A style encoder is used to learn the representation of SP,
which are then concatenated with the environment state and
forwarded to the subsequent process. With the DST method,
the trained policies are capable of exhibiting diverse styles
with same environment state, and their behaviors can be
finely adjusted through the corresponding SP.

Style Interpreter (SI)
When applying a trained diverse style policy, it is essential
to select an appropriate behavioral style based on a given NL
instruction. As described before, the behavioral style is con-
trolled by a vector of SP ω. While LLMs show promise in
language understanding, directly translating complex, high-
level instructions into precise numerical SP values presents
significant challenges. This process requires the model to not
only comprehend the abstract meaning of the instruction but
also to precisely map it to specific parameter values (which
may be continuous or binary), all while maintaining an ac-
ceptable inference time for practical deployment.

To address these challenges, we propose the Style Inter-
preter (SI) module, specifically designed to accurately and
rapidly translate high-level human instructions into their re-
lated SP values. Furthermore, the SI can effectively lever-
age the information about the specific behaviors controlled
by each parameter for accurate translation. Specifically, SI
is implemented by fine-tuning a network built upon a pre-
trained language model (PLM). A user instruction is first fed
into the PLM to obtain its representation, which then serves
as the primary input for an Adaptive Style-adjustment Block
(ASaB) responsible for generating the SP. As the key com-
ponent of the SI, ASaB facilitates this translation by incor-
porating information about the specific behaviors controlled
by each SP. In our scenario, each main agent behavior is as-
sociated with a fixed natural language “description” or “in-
troduction”, and these behavior introductions are also pro-
cessed by the same PLM to obtain their fixed representa-
tions. As shown in Figure 3, the user instruction representa-
tion is fed into a network that produces initial outputs (log-
its) Y . Simultaneously, for each style parameter i, the rep-
resentation of its corresponding behavior introduction is fed
into the ASaB to generate two adaptive scaling parameters,
γi and βi. The ASaB then applies an affine transformation
using these scaling parameters to the initial output Y for ob-
taining the final SP:

ASaB(Yi | γi, βi) = γi · Yi + βi (5)

Here, Yi represents the initial output for the i-th SP, derived
from the representation of user instruction. γi and βi are the
learned scale and bias parameters for the i-th SP, generated
based on the representation of the i-th behavior introduc-
tion. The network incorporates multiple output heads, one
for each SP, and the overall training objective is a multi-head
regression task to predict the ground truth SP ω.

This adaptive scaling mechanism, conditioned on the be-
havior introductions, allows the SI to dynamically adjust the
translation for each style parameter based on the specific be-
havior it controls, guided by the overall instruction. This en-
hances the SI module’s ability to capture the nuanced re-
lationship between user instructions, behaviors, and desired
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Figure 3: Overview of the SI module. User instructions are input into a PLM to obtain their representations. These instruction
representations are then processed by an additional network to output logits. Concurrently, the introductions of main agent
behaviors are also processed by the same PLM to obtain their representations. These behavior representations are fed into the
ASaB to generate adaptive scaling parameters (γi, βi) for each style parameter i. Finally, the SP are generated by applying the
ASaB transformation to the initial outputs to get the final SP.

SP values, leading to improved accuracy and stability in the
translation process. With the SI, the LCDSP is capable of
aligning complex human instructions with appropriate SP to
control the diverse style policy effectively and rapidly.

Experiments
To systematically evaluate the LCDSP, we conducted com-
prehensive experiments across three aspects. First, we as-
sessed LCDSP’s integrated ability in executing high-level
instructions within a complex scenario. Second, we demon-
strate the performance of DST through analyzing the train-
ing efficiency and examining their generalization ability.
Finally, we investigated the instruction translation perfor-
mance by comparing our proposed SI with several baselines.

High-Level Instructions Following Performance
Environment The 5v5 scenario within GRF is an open-
source environment designed to support long-horizon and
complex tasks (Sun et al. 2024). Each episode consists of 3K
steps and features a sparse reward structure. It also incorpo-
rates rules analogous to those in realistic football. This chal-
lenging task requires the simultaneous control of five agents
and necessitates intricate multi-agent cooperation. Detailed
information about the scenario and input/output design can
be found in Appendices A.1 and A.2, respectively. We iden-
tified ten key agent behaviors for training the diverse style
policy: the preference of Win, Goal, Lose Goal, Hold Ball,
Get Possession, Pass, Spacing, Shot, Move, and Formation.
Accordingly, ten SP and their corresponding reward func-
tions are employed, which are detailed in Appendix A.3. The
diverse style policy is initially trained by competing against
a built-in AI and subsequently improved through a self-play
training approach, leveraging the adversarial nature of the
environment. More details regarding the DST training pro-
cess are provided in Appendices A.4-A.6.

Instructions To demonstrate that the LCDSP can under-
stand and follow high-level abstract instructions, we de-
signed six tactics analogous to real-world football strategies:

Positive Attack, All-out Attack, Balanced Play, Counter At-
tack, Park the Bus, and Tiki-Taka. For each tactic, we tested
30 instructions, each accompanied by a sentence elucidating
the corresponding strategy. To establish baselines for com-
parison, we utilized three popular LLMs: GPT-4o (OpenAI
2024), Claude 3.5-Sonnet (Anthropic 2024), and Llama 3.1-
8B (Dubey, Jauhri, and et al. 2024). These LLMs were used
to align SP with those instructions, serving as alternatives
to our SI module. Detailed information on the employed
instructions and the SP aligning process by LLMs can be
found in Appendices B.1 and B.2, respectively.

Results In this complex scenario, it is impractical to use
predefined rules to determine the successful execution of
high-level instructions. Therefore, we utilized in-game met-
rics to evaluate the extent to which LCDSP adheres to
the specified tactic instructions, as illustrated in Figure 4.
The results indicate that our method accurately compre-
hends high-level instructions and executes appropriate be-
havioral styles. Furthermore, it demonstrates distinct per-
formances under different tactical instructions and exhibits
good generalization across various instruction translation
approaches. It showcasing the wide variety of policies that
can be controlled by NL and effectively resemble real-world
tactics. Performance across our method and different base-
lines is generally consistent, though variations in the degree
of behavior are observed in certain cases. For example, our
method demonstrates superior style similarity, albeit at the
cost of a lower win rate compared to most baselines. Addi-
tionally, Claude3.5 tends to have a conservative policy style
in Positive Attack, while Llama3.1 exhibits more passing at-
tempts in Tiki-Taka. Two examples of rendered frames dur-
ing the execution of Counter Attack and Tiki-Taka are pro-
vided in Appendix C.

Training Performance of Diverse Style Policies
During the training process of DST, the style generator uti-
lizes the proposed PSS method to produce SP. As mentioned
in Section 4.2, the PSS is designed to improve the DST per-
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Figure 4: Comparison of in-game metrics under different tactical instructions. The tests were conducted using self-play matches,
where the opponents’ SP were randomly generated, and each instruction were tested ten times. Both the Positive Attack and
All-out Attack tactics result in a higher number of goals and shot attempts compared to the Balanced Play tactic. However,
the All-out Attack tactic exhibits a lower win rate due to a higher number of conceded goals and fewer draws, attributable
to its overly aggressive style. The Counter Attack tactic shows a higher draw rate; to facilitate counter-attacks, the formation
is positioned deeper, creating a larger space between forwards and defenders. The Park the Bus tactic features more compact
spacing, leading to a very high draw rate. The Tiki-Taka tactic achieves the highest possession ratio and number of pass attempts,
with closer spacing facilitating short passes.

formance, particularly when dealing with a vast combination
of SP. To evaluate this improvement, we assessed it from two
perspectives: training efficiency and policy generalization.

Baselines We compare PSS with two parameter sampling
approaches commonly used in RL policy training as base-
lines. Uniform sampling is a simple popular method that
maintains a static uniform distribution over the SP space
throughout training. LSDR (Mozian et al. 2020) is a method
that requires a predefined reference style parameter distribu-
tion and learns a multivariate Gaussian training distribution
to maximize generalization to this reference. Unlike our PSS
method that use entropy-based criteria, LSDR gives priority
to the SP where the current policy can achieve high returns.
The implementations of those baselines are detailed in A.8.

Training Efficiency To obtain quantitative results for the
improvement in training efficiency achieved by the PSS
method, we conducted a comparative analysis of the PSS
against these baselines. Table 1 presents the comparison re-
sults for three key indicators: Style-based Expected Utility
(SEU), Style-based Maximum Utility Loss (SMUL), and
Style-based ELO rating (SELO). These indicators are often
used in MTRL or MORL studies, which are detailed in Ap-
pendix A.7. The results indicate that the PSS method leads to
higher training efficiency, which demonstrates superior per-
formance in both SEU and SMUL metrics, indicating greater
expected returns across various style parameter distributions
and improved training efficiency. We also evaluated these
trained models against their combined historical model pool
to calculate the SELO scores. PSS achieves a higher SELO
score, indicating that in adversarial environments, the PSS
method not only expands the policy’s range of styles but also
enhances the model’s strength more rapidly.

Policy Generalization To demonstrate that our proposed
method exhibits excellent generalization for style policies,
we finely adjusted the SP and recorded their correspond-
ing in-game metrics. We used four Float-type SP for this
evaluation. For each target SP, we fixed the remaining SP at
their baseline values and uniformly sampled 20 values from

Metrics SEU (↑) SMUL (↓) SELO (↑)

Uniform 1.81 ± 0.09 4.13 ± 0.12 1029 ± 8.32
LSDR 1.87 ± 0.09 4.08 ± 0.17 1048 ± 9.57
PSS 3.50 ± 0.03 2.44 ± 0.07 1142 ± 10.27

Table 1: Comparison of training efficiency for the PSS
method against baselines.

0 to 1 in increments of 0.05. For each sampled value, we ran
1K episodes against the same opponent model with random
styles. In addition, we conducted a comparison of the PSS
model against these two baselines. The variations in in-game
metrics resulting from fine-grained adjustments of these SP
are shown in Figure 5. It can be observed that adjusting the
value of each style parameter results in a nearly linear and
smooth change in the corresponding metric. It indicates that
the policies trained with PSS possess the property of smooth
linear interpolation, which is beneficial for generalization.
Furthermore, the PSS-trained model exhibits wider ranges
of adjustment for the in-game metrics compared to the base-
lines, suggesting a broader coverage of the style space.

More tests and analysis about the training efficiency and
policy generalization can be found in Appendix A.9.

Performance of Style Interpreter
The SI is a pivotal module within our LCDSP method, re-
sponsible for rapidly converting high-level, abstract instruc-
tions into SP that control the trained policy. To quantitatively
assess the instruction comprehension capabilities of SI, we
designed a dedicated test, described below.

Dataset We tested the SI on a dataset of 8.6K high-level
instructions. We generated 1.4K instructions for each tac-
tic, and each instruction is a sentence elucidating the corre-
sponding tactic. A rigorous process was employed to label
the corresponding SP for each instruction. Detailed infor-
mation regarding the instruction generation and SP labeling
processes can be found in Appendices B.1 and B.2, respec-
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Figure 5: Fine-grained adjustment of SP and their corre-
sponding changes in in-game metrics for different methods.

tively.

Configuration We utilize Qwen2.5-0.5B (Alibaba 2024)
as the PLM within the SI module. Qwen2.5-0.5B is an open-
source LLM with a relatively small number of parameters.
The translation process is modeled as a multi-head regres-
sion task, where the label for each instruction is the set of SP
corresponding to the key behaviors. The introduction of SP
in the SI is to define their types and the key behaviors they
control within the scenario. During the training, the parame-
ters of PLM are frozen, and its last hidden state is used as the
representation. Eighty and twenty percent of the instructions
were used for training and validation, respectively.

Baselines We compare SI with three decent language
comprehension modules from popular language-conditioned
policy learning methods as baselines. Hill et al. (Hill et al.
2020) proposed a method for training RL agents with BERT
to follow human instructions, employing various methods
for information fusion. BC-Z (Jang et al. 2022) uses a FiLM
layer to condition on the language instruction to guide multi-
head action prediction for diverse manipulation tasks. TA-
LAR (Pang et al. 2023) directly fine-tunes BERT as a trans-
lator to encode instructions into inputs for RL policies with-
out incorporating other modalities.

Results We use the Mean Absolute Error (MAE) and in-
ference time to evaluate the instruction-to-parameter trans-
lation capability of our SI module. MAE reflects the ability
to match the translated parameters with the ground truth SP.
The inference time of the translation process is also an im-
portant consideration, as faster inference is crucial for prac-
tical application. Table 2 shows the MAE and inference time
for each method. Our proposed SI outperforms the three
baselines in terms of MAE. TALAR exhibits the shortest in-
ference time due to its simpler network structure. The MAE
curves of validation set for our method compared to base-
lines during training are shown in Figure 6 (a).

Ablation studies were conducted to estimate the individ-
ual contributions of the critical components within SI. While

Methods MAE (↓) Inference time (s) (↓)

Comparisons with Baselines

Hill et al. 0.923 ± 0.023 0.032 ± 0.024
BC-Z 0.751 ± 0.026 0.129 ± 0.090
TALAR 0.992 ± 0.021 0.009 ± 0.025
SI (Our method) 0.671 ± 0.015 0.094 ± 0.027

Ablation Test

without ASaB 0.752 ± 0.014 0.023 ± 0.028
with matmul fusion 0.846 ± 0.064 0.125 ± 0.028
with cross-attention 1.477 ± 0.054 0.033 ± 0.026
with Qwen2.5-3B 0.629 ± 0.005 0.785 ± 0.024

Table 2: Comparison of MAE and inference time among
baselines and ablation tests.

Figure 6: The curves of validation error for our method com-
pared to baselines and ablation configurations.

the quality of the PLM is important for translation ability, the
effectiveness of our method substantially benefits from the
ASaB approach. Furthermore, alternative structures, specifi-
cally a matrix multiply fusion and a cross-attention structure,
were also evaluated against our ASaB approach. In addition,
we evaluated the performance using the same PLM but with
a larger parameter size (Qwen2.5-3B). The outcomes, shown
in Table 2, demonstrate that the ASaB enhances instruction
comprehension performance. The cross-attention structure
failed to converge within a limited training epochs, which
may be due to its complexity. The larger model (Qwen2.5-
3B) yields better results, but its size and inference time are
several times greater than the original configuration. The
MAE curves of validation set for the ablation tests are given
in Figure 6 (b). The implementation details of our SI mod-
ule, baselines, and ablations are provided in Appendix B.3.

Conclusion
We introduce Language-Controlled Diverse Style Policies, a
novel language-controlled reinforcement learning paradigm
that equips agents with diverse style policies, enabling fine-
grained control through high-level instructions in complex
multi-agent environments like football games. The RL pol-
icy is trained using a specially designed Diverse Style Train-
ing method, and the crucial alignment between instructions
and policies is achieved via a novel Style Interpreter module.
Extensive experiment results demonstrate the effectiveness
and generality of our proposed method, thereby confirming
its capability to execute abstract, high-level instructions in
complex environments.
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