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ABSTRACT

LLMs struggle with decision-making in high-stakes environments such as MOBA
games, primarily due to limited proactive reasoning and an incomplete under-
standing of complex game dynamics. To address this, we propose What-if Anal-
ysis LLM (WiA-LLM), a framework that trains an LLM as an explicit, language-
based world model. Instead of representing the environment in latent vectors,
WiA-LLM uses natural language to simulate how the game state evolves over
time in response to candidate actions and provides textual justifications for these
predicted outcomes. WiA-LLM is trained in two stages: supervised fine-tuning on
human-like reasoning traces, followed by reinforcement learning with outcome-
based rewards that align predicted and actual future states. In the Honor of
Kings (HoK) environment, WiA-LLM attains 74.2% accuracy (27%↑ vs. the base
model) in forecasting game-state changes. In addition, WiA-LLM demonstrates
strategic behavior more closely aligned with expert players than purely reactive
LLMs, indicating enhanced foresight and expert-like decision-making.

1 INTRODUCTION

What-If Analysis (WIA), as the name suggests, is a systematic decision-making approach that ad-
dresses hypothetical questions such as “What if we take this action? How will it affect the final
outcome?”. WIA enables decision-makers to simulate hypothetical scenarios by altering specific
action variables and assessing their potential implications Gathani et al. (2022). This methodology
is valuable for strategic planning, risk assessment, and enhancing the explainability of the decision-
making process Tang et al. (2025).

Despite its potential, the integration of WIA capabilities into large language models (LLMs) remains
underexplored. This reveals a critical limitation of current LLMs when applied to dynamic, high-
stakes scenarios such as strategic planning, risk assessment, and real-time decision-making. While
existing LLMs excel at reactive thinking Liao et al. (2025); Wei et al. (2023); Li et al. (2025)—gen-
erating answers based on the current context and their prior knowledge—they lack mechanisms for
proactive thinking, which is essential for forecasting the consequences of actions before they occur.
This limitation is particularly pronounced in dynamic environments, where each action may trigger
a series of cascading effects Wei et al. (2022); Hu et al. (2024c); Sui et al. (2025). Understanding
the consequences of different actions not only clarifies the environment but also provides deeper
intuition for making informed decisions.

To address this gap, we introduce WiA-LLM, a novel framework that endows LLMs with proactive
thinking capabilities through explicit world modeling. By leveraging environmental feedback via
reinforcement learning (RL), WiA-LLM learns to forecast the outcomes of different actions on the
entire game state. Our core insight draws from human cognition: “Look before you leap”, i.e.,
one should consider possible consequences or dangers before acting. We formalize this process as
explicit world modeling: S∆ = f(St, at), where the model predicts the state transition S∆ resulting
from taking action at in state St using natural language. The task becomes increasingly challenging
as more properties change in S∆ (see §3.2). Our training pipeline first applies supervised fine-tuning
(SFT) on human gameplay trajectories to provide basic behavioral and environmental knowledge. It
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Figure 1: Illustration of reasoning paradigms: (a) reactive thinking, where the model selects an
action given the current game state; (b) proactive thinking, where the model also forecasts the con-
sequences of candidate actions on future game states. In this work, we focus on proactive thinking
and train models to forecast the consequences of different actions.

then applies RL with rule-based, verifiable rewards that compare the model’s forecasts against actual
environment transitions, aligning its predictions with real dynamics (see §3.3). In this way, WiA-
LLM shifts LLMs from purely reactive pattern matching to model-based forecasting, analogous to
how humans mentally simulate outcomes before action.

We evaluate WiA-LLM in Honor of Kings (HoK), a large-scale multiplayer online battle arena
(MOBA) game Wei et al. (2022). HoK serves as an ideal testbed for three reasons. First, it exhibits
high dynamic complexity: players must adapt in real time to over one hundred heroes, shifting
objectives, and coordinated team strategies. Second, it offers quantifiable states: the game state can
be encoded as JSON-structured objects with hero positions, resources, and map conditions, enabling
precise and automatic reward computation. Third, it features high-stakes consequences: a single
mistimed objective contest (e.g., a dragon fight) can flip the match outcome, creating a rich space
for WIA evaluation. To thoroughly test whether WiA-LLM can support dynamic proactive reasoning
and adapt decision-making based on forecasted consequences, we construct two benchmarks in this
environment (see §3.2 and §4.1).

Our experiments demonstrate that: (1) WiA-LLM achieves 74.2% forecasting accuracy on HoK sce-
narios, outperforming the base model (qwen3-14b) by 27% and surpassing deepseek-r1 by 41.6%;
(2) it enhances downstream decision-making, enabling agents to exhibit strategic behavior closer to
that of expert human players; (3) it consistently improves across difficulty tiers, achieving 93.9%
accuracy on the simplest forecasting tasks and 73.1% on moderately complex tasks; (4) it demon-
strates stable optimization during RL training, with reward convergence within 400 steps and no
observed degradation in output quality; and (5) it maintains strong zero-shot generalization on stan-
dard academic benchmarks. Overall, our contributions are as follows:

• We propose WiA-LLM, a framework that performs proactive thinking by forecasting the conse-
quences of actions using environmental feedback.

• We design a training paradigm that combines SFT on human gameplay data with RL guided by
rule-based, verifiable rewards, aligning model forecasts with actual environment transitions.
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Figure 2: Workflow of WiA-LLM. Given the current game state and a set of hypothetical actions,
the model is tasked with forecasting the potential changes to the entire game state that would result
from each action, and providing justifications for these forecasts. The predicted game state changes
are then compared to ground-truth values using a rule-based verifier, which is used to update the
policy model. This process enables the model to perform what-if analysis by simulating action
outcomes and iteratively refining its decision-making.

• We demonstrate that WiA-LLM achieves strong performance in a complex MOBA environment
and enables agents to exhibit strategic behavior closer to expert human players.

2 DEFINITION

In this section, we formally define the What-If Analysis task within the game environment and
introduce the key notation used in our framework.

2.1 TASK DEFINITION: WHAT-IF ANALYSIS

Given a game state St at time step t, the objective is to forecast the resulting state change, denoted
as S∆, after the player executes a specific action at. This task requires the model to reason about
the current environmental conditions and demonstrate a deep understanding of game mechanics to
predict the causal impact of each action. As illustrated in Figure 1, WIA reflects a shift toward
proactive thinking: instead of simply reacting to the current state, the model anticipates the future
consequences of its decisions, thus enabling more informed strategic planning.

2.2 TASK DEFINITION: ACTION PREDICTION

We consider action prediction as one of the downstream tasks in game decision-making. This task
can be formalized as a∗t = f(St), where the model predicts the optimal action based on the current
game state St. In the HoK environment, the available actions are defined as a set A (see Table D
for details). Notably, these actions are designed at the strategic level, providing high-level guidance
to users who then adjust their low-level operations (such as moving the hero or using abilities)
accordingly. This work differs from prior studies Wei et al. (2022); Qu et al. (2023), which primarily
focus on low-level actions like changing hero positions and skill releases.

2.3 GAME STATE

We model the game environment as a sequence of discrete states. Each state St encapsulates all
visible information from the player’s perspective, including teammate attributes, visible turrets, and
map vision. To ensure realistic gameplay, we strictly enforce partial observability by excluding
hidden information, such as the status of enemies concealed by the ”fog of war.” For compatibility
with LLMs, the game state St is serialized into a JSON object—a format that LLMs can naturally
parse and process.
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2.4 GAME ENVIRONMENT

We conduct our study in Honor of Kings (HoK) Wei et al. (2022); Qu et al. (2023). In HoK, players
control unique heroes and coordinate with teammates to defeat opponents, neutral creatures, and de-
fensive structures, with the ultimate goal of destroying the opposing team’s base crystal. HoK serves
as an ideal testbed due to its complexity: the need for team coordination, dynamic strategic shifts,
and the high-dimensional state space present significant challenges for decision-making. Master-
ing proactive reasoning in such a complex domain holds great promise for advancing the reasoning
capabilities of game AI.

3 METHOD: WIA-LLM

3.1 OVERVIEW & PROBLEM FORMULATION

Our framework, WiA-LLM, facilitates the transition of LLMs from reactive pattern matching to
proactive world modeling. We conceptualize the What-If Analysis task as a conditional state predic-
tion problem within a partially observable Markov Decision Process (POMDP) Wikipedia (2025).
Formally, let S and A denote the game state and action space. At time step t, the agent observes
a state St and chooses a candidate action at ∈ A. The objective is to approximate the transition
function T (St+1|St, at) by predicting the future state changes S∆, where S∆ represents the causal
impact of the action on the entire state. Unlike standard next-token prediction, WiA requires the
model to implicitly simulate the environment dynamics and generate justifications for the state tran-
sition.

3.2 DATA CONSTRUCTION AND UTILIZATION

To ground the model in realistic dynamics, we construct a scalable dataset derived from Honor
of Kings (HoK). This dataset is pivotal for our multi-stage training pipeline, providing both the
reasoning priors for SFT and the ground-truth oracle for RL verification.

Trajectory Parsing and Difference Extraction. We process raw gameplay logs using a strict state-
parsing pipeline (Algorithm 1) to generate the base transition dataset GD = {(St, at, S

∗
∆)i}Ni=1.

Specifically, each state St is first serialized into a structured JSON object encompassing all visible
information, such as hero attributes, turret status, and map vision, to enforce partial observability.
We then parse the player’s executed action at corresponding to St using a predefined taxonomy.
To compute the target label, we calculate the ground-truth state difference S∗

∆ by comparing St

with the future state St+δ (where δ > 0). This difference vector S∗
∆ captures changes in critical

components C = {hero, tower, minions, dragon} and serves as the definitive label for environmental
consequences. The gathered dataset GD is utilized across the two optimization stages described
below.

Stage I: Reasoning Distillation (SFT). To endow the model with strong reasoning capabilities,
we augment the base training samples with synthetic reasoning traces. Leveraging a teacher model
(DeepSeek-R1) that has access to the ground truth (St, at, S

∗
∆), we distill a ”thinking process”

Ct that explains the causal link between the action and its outcome. This yields the SFT corpus
DSFT = {(St, at, Ct, S

∗
∆)}, which is used to train the model to generate structured reasoning

before producing the final prediction.

Stage II: Outcome Verification (RL). For the reinforcement learning stage, we revert to the original
real-world data GD. Here, the pair (St, at) serves as the prompt q, while the ground truth S∗

∆ is
reserved as the oracle for the rule-based reward function. This ensures that the policy optimization
is driven by actual environmental dynamics rather than distilled approximations.

3.3 POLICY LEARNING VIA VERIFIABLE REWARDS

While SFT provides basic behavioral patterns, it lacks the ability to effectively guide the model to
self-explore in dynamic environments. We therefore employ Group Relative Policy Optimization
(GRPO Shao et al. (2024)), which directly aligns the policy’s forecasts with actual environmental
transitions. Following the success of Deepseek-R1 DeepSeek-AI et al. (2025), we adopt a similar
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rule-based reward rt to measure the alignment between the predicted state change S∆ and the ground
truth S∗

∆:

rt =

∑
(k,vk)∈S∆

wk · Score(vk, v∗k)∑
(k,v)∈S∆

wk
(1)

where wk denotes the weight assigned to each key k, reflecting its relative importance. The scoring
function assigns a value of 1 for exact matches, 0.5 for partial matches, and 0 otherwise. This
reward encourages the model to generate action predictions that closely match real player behavior
while penalizing overly verbose or irrelevant outputs. We do not incorporate format rewards, as our
learned model already demonstrates strong structural adherence. Detailed formulation is provided
in Appendix A, and training prompts can be found in the Appendix D.

3.4 INFERENCE-TIME DECISION MAKING

To leverage the learned world model for strategic gameplay, we implement a lookahead search
mechanism during inference (see Figure 7). Unlike reactive agents that map states directly to actions
(π : S → a), our approach explicitly reasons about future outcomes before committing to a decision.
Specifically, the agent performs a one-step lookahead search:

• Candidate Generation: Given the current state St, the model first acts as a policy proposal
network, sampling a set of k plausible candidate actions Acand = {a1, ..., ak} from the policy
distribution πθ(·|St).

• What-if Simulation: For each candidate action ai ∈ Acand, WiA-LLM is queried to forecast the
corresponding differential state transition S∆,i. This step represents the core ”What-If” analysis,
where the model conditions on the hypothetical execution of ai to produce S∆,i = fθ(St, ai).

• Heuristic Evaluation: To ensure robust selection, we employ a deterministic, rule-based value
function V (S∆). This function acts as a classifier, categorizing the forecasted consequences (e.g.,
tower destroyed, resource gained, hero death) into strategic values (positive or negative).

• Optimal Selection: The final action a∗ is selected by maximizing the evaluated outcome of the
simulated future: a∗ = argmaxai∈Acand

V (S∆,i). This decouples the generation of possibilities
from the evaluation of strategic success, mitigating the risk of the model rationalizing suboptimal
plans.

This “simulate-and-evaluate” is the essence of model-based planning. It allows the agent to ”think
ahead” and select the action with the best forecasted outcome, rather than simply choosing the action
that seems best in a reactive manner. However, we acknowledge that LLM inference introduces a
substantial latency, making it impractical to run this process on every game frame. To address the
latency issue, we employ a dual-system architecture (see Appendix B), where WiA-LLM acts as a
low-frequency strategic planner (e.g., every 5-10s) guiding a high-frequency reactive policy.

4 EXPERIMENTS

4.1 EXPERIMENT SETUP

Environment. All experiments were conducted on four servers, each equipped with 8 NVIDIA H20
GPUs (96 GB each). For SFT, we used the Megatron-LM Shoeybi et al. (2019) training platform,
while online RL was performed using OpenRLHF Hu et al. (2024a).

Datasets. We curate two new benchmarks for WIA tasks: WIA-General and WIA-Hardest. Task
difficulty is quantified by the number of altered game-critical components, denoted as d = ∥S∆∥,
where S∆ is the set of differences drawn from C = {hero, tower,minion waves, dragon} as defined
in Algorithm 1. The difficulty d ranges from 1 (a single-component change) to 4 (simultaneous
changes to all components). The statistics for WIA-General (Dg = {(Si, ai, S∆) | 1 ≤ d ≤ 4})
and WIA-Hardest (Dh = {(Si, ai, S∆) | d = 4}) are provided in Table 1, with results presented
in Table 2. We also verify that domain-specific training does not degrade general capabilities; see
Appendix C for details.

Baselines. We use LLMs of various scales as baselines, primarily focusing on the Qwen3 mod-
els Yang et al. (2025) with native reasoning capabilities, including Qwen3-14B and Qwen3-8B. We
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WIA-General WIA-Hardest Combined
(n=1,476) (n=452) (n=1,928)

Metric Count % Count % Count %
Change Types Distribution

Minion Changes 1,003 67.95 452 100.00 1,455 75.47
Tower Changes 1,355 91.80 452 100.00 1,807 93.73
Hero Changes 412 27.91 452 100.00 864 44.81
Dragon Changes 37 2.51 452 100.00 489 25.36

Difficulty Levels Distribution
d=1 (1 change) 524 35.50 0 0.00 524 27.18
d=2 (2 changes) 567 38.41 0 0.00 567 29.42
d=3 (3 changes) 369 25.00 0 0.00 369 19.15
d=4 (4 changes) 16 1.08 452 100.00 468 24.28

Table 1: Statistics: WIA-General & WIA-Hardest.

Model Overall Benchmarks Difficulty Breakdown (d)
WIA-General WIA-Hardest d = 1 d = 2 d = 3 d = 4

deepseek-r1 0.326 0.111 0.443 0.298 0.213 0.102
deepseek-r1-distilled-qwen-3-14B 0.370 0.046 0.566 0.339 0.156 0.023
qwq-32b 0.366 0.037 0.467 0.361 0.246 0.016
qwen-3-14b 0.472 0.027 0.640 0.486 0.234 0.008
WiA-LLM (14b-sft) 0.614 0.281 0.777 0.590 0.433 0.297
WiA-LLM (14b-grpo) 0.674 0.132 0.895 0.660 0.404 0.117
WiA-LLM (14b-sft-grpo) (our best model) 0.742 0.295 0.939 0.731 0.497 0.312
qwen-3-8b 0.450 0.022 0.601 0.457 0.245 0.023
WiA-LLM (8b-sft) 0.669 0.179 0.898 0.625 0.431 0.172
WiA-LLM (8b-grpo) 0.619 0.108 0.831 0.601 0.367 0.094
WiA-LLM (8b-sft-grpo) (our best model) 0.742 0.426 0.938 0.728 0.500 0.430

Table 2: Combined performance comparison. The left columns show results on the WIA-General
and WIA-Hardest benchmarks. The right columns detail model performance across specific diffi-
culty levels (d = 1 to d = 4). Our best models (*-sft-grpo) consistently outperform baselines across
all metrics.

also consider several other models: DS-R1, DS-R1-distilled-Qwen3-14B, and QwQ-32B. All model
checkpoints are accessible via Hugging Face.

4.2 TRAINING DETAILS

Building on insights from Deepseek-R1 DeepSeek-AI et al. (2025), we employ a multi-stage train-
ing strategy that combines supervised fine-tuning (SFT) and reinforcement learning (RL) to enhance
the capabilities of our language models. Specifically, SFT improves the foundational language un-
derstanding and reasoning abilities of our models, while online RL enables efficient exploration and
selection of the most effective solutions through trial and error.

We select Qwen3-8B and Qwen3-14B as our base models. For the SFT stage, we curate the train-
ing dataset by distilling knowledge from Deepseek-R1, which demonstrates strong reasoning ca-
pabilities in game environments and can thoroughly analyze game states based on its pre-existing
knowledge. Specifically, we provide the ground truth game state changes and the corresponding in-
struction to the R1 model, allowing it to generate a reasoning process Wei et al. (2023) that leads to
the final answer. The prompt used for this process is provided in Appendix D. The distilled data are
formatted as (game state: St, action: at, and thinking process: Ct) and serve as a valuable resource
for training smaller models to acquire R1-like deep reasoning skills. For the online RL stage, we use
real gameplay data collected as described in Section 3. We explore two setups: (1) applying GRPO
directly to the base model without any prior SFT and (2) applying GRPO to a model that has already
been fine-tuned. These two setups are compared in Table 2. Due to computational constraints, we
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Figure 3: Demonstration of reward progression (left) and total token length (right) over training
steps during the RL process. The results show that our method consistently achieves higher rewards
and maintains more stable or longer token lengths compared to the baselines, indicating improved
learning efficiency and output quality.

Figure 4: Case study on WiA. To safeguard user privacy, we blurred the user’s Game ID.

limit GRPO training to approximately 400 steps for all models to ensure a fair comparison, and set
the number of epochs for the SFT stage to three.

4.3 MAIN RESULTS

The main results are presented in Table 2. These results reveal several critical insights into the
effectiveness of our multi-stage training approach. Our WiA-LLM with SFT+GRPO consistently
achieves superior performance across all evaluation settings, with particularly notable improve-
ments on the challenging subsets (WIA-Hardest). On WIA-General, both WiA-LLM-14B and WiA-
LLM-8B with SFT+GRPO attain nearly identical performance (0.742), substantially outperforming
a much larger model such as Deepseek-R1 (0.326). The performance gain is even more pronounced
on WIA-Hardest, where our 8B model achieves 0.426 accuracy compared to Deepseek-R1’s 0.111,
while the 14B model reaches 0.295. We further evaluate performance across difficulty levels on
WIA-General. While all models experience degradation as task complexity increases from d = 1
to d = 4, our approach maintains the most robust performance. Notably, on the most challenging
d = 4 task, our 8B model achieves 0.430 accuracy (compared to Deepseek-R1’s 0.102), and our
14B model reaches 0.312, which remarkably exceeds the 14B baseline’s performance at this diffi-
culty level. These results demonstrate that both SFT and GRPO independently deliver substantial
performance improvements; however, when combined, they yield even greater gains, surpassing the
results of either method alone.

We also verified that domain-specific training did not degrade general capabilities; see Appendix C
for results on MMLU/Math/BBB and other benchmarks.
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Figure 5: Distribution of sample counts across different accuracy ranges. The stacked histograms
illustrate the number of samples per accuracy interval, while the smoothed trend line highlights the
performance pattern of our method.

4.4 ANALYSIS

Response Length vs. Rewards. Figure 3 shows that all models achieve consistent reward im-
provements, with SFT-initialized variants (WiA-LLM-*-sft-grpo) starting from significantly higher
baselines (0.6 vs. 0.35). While reward trajectories remain largely consistent across models, re-
sponse lengths differ: SFT models maintain stable or growing output lengths, whereas non-SFT
models exhibit initial fluctuations before stabilizing. This suggests that reasoning distillation (SFT)
helps models better balance the elaboration of reasoning with reward optimization during RL.

Distribution of Performance Range. To further validate the robustness of our model’s perfor-
mance—and to avoid relying solely on aggregate metrics—we examine the distribution of sample
counts across different accuracy ranges. As shown in Figure 5, we plot the sample counts for various
models over these ranges and include a smoothed trend line that highlights the performance pattern
of WiA-LLM(14b-sft-grpo). The results demonstrate that our model outperforms baselines by con-
centrating a larger proportion of samples in the higher accuracy intervals (0.7 to 1.0), indicating
more consistent and accurate predictions compared to the base models.

Case Studies. To assess downstream utility, we conduct a detailed case study illustrated in Figure 4.
We apply the lookahead search strategy (see Section 3.4) to the action prediction task (defined in
Section 2). We find that WiA-LLM produces more detailed and verifiable reasoning traces for each
action, and accurately simulates minion wave mechanics to justify a strategic lane push. In contrast,
the reactive baseline (Qwen3-8b) hallucinates a non-existent ganking opportunity, underscoring the
advantages of proactive reasoning.

5 RELATED WORKS

Game Understanding of LLMs. While LLMs excel at language-based reasoning, applying them
effectively to games remains challenging due to their reliance on static pre-training data and a lack
of environmental grounding Hu et al. (2024b). Key challenges include: (1) Contextual ground-
ing—difficulty in interpreting dynamic game states for consistent decision-making Hu et al. (2024c);
(2) Symbolic precision—misinterpretation of game terminology and item attributes, which can dis-
rupt interaction with the game engine Southey et al. (2012); and (3) Long-term planning—limited
memory and strategic reasoning over extended horizons Silver et al. (2016); Vinyals et al. (2017);
He et al. (2025).
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Role of RL in LLMs. Recent advances in LLMs have highlighted the important role of RL in
aligning model outputs with human preferences Sui et al. (2025); Jin et al. (2025). While pre-
training on large text corpora enables LLMs to generate fluent and grammatically correct text, this
alone does not guarantee that models are helpful, harmless, or aligned with user expectations. RL
from human feedback (RLHF) Ouyang et al. (2022) addresses this by training a reward model based
on human preferences to guide policy optimization via methods such as PPO Schulman et al. (2017),
DPO Rafailov et al. (2023), and SimPO Meng et al. (2024). More recently, GRPO Shao et al. (2024)
has emerged as a flexible alternative for obtaining reward signals. Unlike PPO, GRPO does not
strictly require a reward model; instead, it can incorporate reward signals from any function or
model capable of evaluating response quality.

Difference from Time-Series Forecasting. Time Series Forecasting (TSF) is a related task that
focuses on predicting future values of target variables based on historical data patterns Tang et al.
(2025); Shi et al. (2022). Its goal is to extrapolate trends or behaviors from past observations to
future time steps Jin et al. (2024). In contrast, WIA is concerned with understanding the causal
impact of specific actions or interventions on the future state of the environment. Rather than simply
predicting what will happen next, WIA actively evaluates multiple candidate actions to determine
which choice leads to the most beneficial outcome. In other words, TSF forecasts the natural pro-
gression of a system, while WIA simulates hypothetical scenarios to inform decision-making by
assessing the consequences of different actions. This capability is especially valuable for complex
decision-making in dynamic environments.

6 CONCLUSION

We propose WiA-LLM as an explicit world model that enables LLMs to proactively forecast the con-
sequences of actions. Through interaction with game environments, WiA-LLM develops a deeper
understanding of state dynamics and improves decision-making. While evaluated in Honor of Kings,
our approach is broadly applicable to other high-stakes domains where simulating outcomes is safer
than trial and error.
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Algorithm 1 Game State Parsing and Difference Extraction

Require: Raw Game State Sequence S = [S1, . . . , ST ]
Ensure: Transition Dataset GD

1: Constant C ← {hero, tower,minions, dragon}
2: Initialize lists: P ← [ ]; GD ← [ ]
3: for t← 1 to T do ▷ Phase 1: Annotate Actions
4: at ← ANNOTATE(St)
5: P.APPEND((St, at))
6: end for
7: for i← 1 to |P | − 1 do ▷ Phase 2: Extract Transitions
8: Let (Scur, acur) = P [i] and (Snext, anext) = P [i+ 1]
9: if TIMEDELTA(P [i], P [i+ 1]) > 60s then

10: continue
11: end if
12: if acur ̸= anext then
13: S∆ ← COMPUTESTATEDIFF(Scur, Snext)
14: GD.APPEND((Scur, acur, S∆))
15: end if
16: end for
17: return GD

18: function COMPUTESTATEDIFF(Sold, Snew)
19: S∆ ← Map()
20: for each c ∈ C do
21: if Sold[c] ̸= Snew[c] then
22: S∆[c]← DIFF(Sold[c], Snew[c])
23: end if
24: end for
25: return S∆

26: end function

Figure 6: Demonstration of GRPO training with Game State. Given the player’s action and the
current game state, the model is asked to forecast the potential changes to the entire game state
once the player takes the action, and provide the thinking process as the analysis of this what-if
scenario. We then use the predicted game state changes to compare with ground-truth values using
a rule-based verifier to update the policy model. This process enables the model to perform what-if
analysis (forecasting) by simulating action outcomes and refining its decision-making accordingly.

LIMITATIONS

In this work, we focus on the strategic reasoning capabilities of LLMs. While we demonstrate
superior alignment with expert human actions and high-fidelity state forecasting, we do not test our
method in an online ranked environment to measure win rate. Online performance depends heavily
on low-level execution (micro-mechanics and reaction time), which is outside the scope of this work
on proactive world modeling.

A GRPO FORMULATION WITH GAME STATE

To facilitate effective learning of proactive reasoning in game environments, we employ Group
Relative Policy Optimization (GRPO) Shao et al. (2024), an online RL algorithm designed to maxi-
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Figure 7: Demonstration: Adaptation of WiA-LLM to the downstream action prediction task.

mize the advantage of generated completions while constraining policy divergence from a reference
model.

We formalize the training process of WiA-LLM using GRPO as follows. Let q denote a sampled
prompt (e.g., a game state st and context it), and let {o1, o2, . . . , oG} represent a group of G com-
pletions generated by the old policy πθold . For each completion oi, a reward ri is computed using a
rule-based reward function (see Section 3.3). The group-relative advantage for each completion is
then calculated as:

Âi,t =
ri − mean(r)

std(r)
, (2)

where mean(r) and std(r) denote the mean and standard deviation of rewards within the group, re-
spectively. This normalization ensures the advantage reflects the relative quality of each completion.

To optimize the policy, we first define the importance sampling ratio ρt(θ) between the current
policy πθ and the sampling policy πθold :

ρt(θ) =
πθ(oi,t|q, oi,<t)

πθold(oi,t|q, oi,<t)
. (3)

Additionally, to ensure the policy remains close to the original behavior, we compute the token-level
Kullback-Leibler (KL) divergence between the current policy πθ and the reference policy πref:

DKL [πθ∥πref] = πθ(oi,t|q, oi,<t) log
πθ(oi,t|q, oi,<t)

πref(oi,t|q, oi,<t)
. (4)

Alternatively, this can be approximated using the estimator πref
πθ

− log πref
πθ

−1 Schulman et al. (2017).

The overall GRPO objective is to maximize the expected group-relative advantage while penalizing
deviations from the reference model. We define the total objective JGRPO as:

JGRPO(θ) = Êi,t

[
LCLIP
t (θ)− βDKL[πθ∥πref]

]
(5)

where β is a coefficient controlling the strength of the KL regularization. To ensure training stability,
we employ the clipped surrogate objective LCLIP

t (θ), defined as:
min

(
ρt(θ)Âi,t, clip(ρt(θ), 1− ϵ, 1 + ϵ)Âi,t

)
(6)

Here, the clipping operator constrains the update magnitude relative to the old policy within the
range [1− ϵ, 1 + ϵ], thereby preventing destructive policy updates.

B LATENCY & REAL-TIME INFERENCE

A core strength of WiA-LLM is its ability to perform high-fidelity, interpretable counterfactual
reasoning. However, as discussed in §3.4, LLM inference introduces significant latency, making
it impractical to run on every game frame. To address this, we propose a two-pronged strategy: (1)
a dual-system deployment architecture, and (2) knowledge distillation for scalable deployment.

B.1 DUAL-SYSTEM DEPLOYMENT ARCHITECTURE

We do not propose running the full WiA-LLM simulation for low-level, high-frequency actions
(e.g., movement or skill targeting). Instead, the agent operates under a dual-system architecture that
separates slow, deliberative reasoning from fast, reactive execution.
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Dataset URL
Ape210K Zhao et al. (2020) https://github.com/Chenny0808/ape210k
MMLU Hendrycks et al. (2021) https://huggingface.co/datasets/cais/mmlu
CEval Huang et al. (2023) https://github.com/hkust-nlp/ceval
School-Chinese lanhin (2018) https://github.com/lanhin/SchoolChinese
BBH Suzgun et al. (2023) https://github.com/suzgunmirac/BIG-Bench-Hard
IfEval Zhou et al. (2023) https://huggingface.co/datasets/google/IFEval
CharacterEval Tu et al. (2024) https://github.com/morecry/charactereval

Table 3: Source links for the benchmarks

System 1 (Reactive Policy): A lightweight, model-free neural network handles real-time, low-
latency control of the hero (e.g., movement and immediate tactical skill use). This policy can operate
at the required environment frequency (e.g., ∼ 30 ms per update).

System 2 (WiA-LLM Planner): WiA-LLM acts as the deliberative strategic layer. The planner is
invoked only at key decision points that require long-horizon reasoning. Typical calls include: (i)
objective selection, such as deciding whether to contest Dragon/Baron, push a high-ground tower,
or rotate lanes; (ii) rallying and grouping, such as deciding whether to commit to a team fight;
and (iii) recall and resurrection planning, such as choosing the hero’s path and next objective
after death or returning to base. This design reduces LLM inference frequency from every frame to
roughly once every 5–10 seconds, or at major state transitions (e.g., an enemy hero death). In this
way, the agent benefits from strategic planning without sacrificing real-time control.

B.2 KNOWLEDGE DISTILLATION FROM WIA-LLM

The primary value of WiA-LLM is its ability to internalize complex game dynamics and predict
strategic outcomes with high precision, though at a computational cost. To enable scalable deploy-
ment, we leverage knowledge distillation to transfer this strategic understanding into a much smaller,
faster student model. Specifically, WiA-LLM (the teacher model) is used to generate a large, high-
quality dataset of reasoning-augmented trajectories, including the current state, optimal high-level
actions (from what-if analysis), and textual justifications. A much smaller, efficient neural network
(the student model) is then trained to mimic the teacher’s strategic decisions.

However, while we present this as the natural path to production deployment, the detailed imple-
mentation of knowledge distillation is beyond the scope of this work. Here, we focus on demon-
strating the core capability of WiA-LLM to learn and execute explicit world modeling, leaving
knowledge distillation for future work.

C WIA-LLM ON GENERAL BENCHMARKS

To further verify that our models do not sacrifice their native language understanding and rea-
soning capabilities during training, we evaluate WiA-LLM on several standard benchmarks:
Ape210K Zhao et al. (2020), MMLU Hendrycks et al. (2021), CEval Huang et al. (2023), School-
Chinese lanhin (2018), BBH Suzgun et al. (2023), and IfEval Zhou et al. (2023).

C.1 PERFORMANCE ANALYSIS

Tables 4 and 5 show that our training approach generally preserves core language model capabilities,
sometimes even enhancing logical reasoning and instruction-following. On math tasks (Ape210K),
our 14B models remain stable (93.5 across all variants), while the 8B SFT-based models show only
modest degradation. Subject exams (MMLU and CEval) demonstrate exceptional robustness, with
performance variations within 1 percentage point, indicating factual knowledge is well preserved.
Notably, logical reasoning (BBH) consistently improves with SFT-based training, with 8B models
achieving 60.17–60.52 compared to the 58.35 baseline. In Table 5, we analyze instruction-following
capabilities, finding that our method with GRPO enhances performance (8B: 0.379 vs. 0.351 on
prompt-level accuracy), while SFT alone may cause slight degradation on the 8B model (0.301
vs. 0.351). These results confirm that our approach enables domain-specific improvements while
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preserving essential language model abilities, with RL components proving particularly beneficial
for maintaining instruction-following performance.

Model Math Memorization Subject Exam Logic
Ape 210k SchoolChinese MMLU CEval BBH

qwen3-14b 93.5 91.85 80.21 82.76 65.48
WiA-LLM (14b-sft) 92.0 92.28 80.18 83.06 65.48
WiA-LLM (14b-grpo) 93.5 92.19 80.56 82.91 65.13
WiA-LLM (14b-sft-grpo) 93.5 91.69 80.25 83.14 65.30
qwen3-8b 93.0 88.0 75.96 78.08 58.35
WiA-LLM (8b-sft) 90.5 87.02 76.60 78.68 60.52
WiA-LLM (8b-grpo) 93.5 88.04 76.04 78.45 57.83
WiA-LLM (8b-sft-grpo) 89.5 86.72 76.631 78.6 60.17

Table 4: Performance of different models on math, academic, general knowledge, and logical rea-
soning benchmarks.

Model
Prompt-level

loose-acc
Inst-level
loose-acc

Prompt-level
strict-acc

Inst-level
strict-acc

qwen3-14b 0.357 0.494 0.338 0.475
WiA-LLM (14b-grpo) 0.355 0.496 0.342 0.482
WiA-LLM (14b-sft) 0.355 0.498 0.336 0.480
WiA-LLM (14b-sft-grpo) 0.362 0.501 0.344 0.486
qwen3-8b 0.351 0.495 0.340 0.483
WiA-LLM (8b-grpo) 0.379 0.514 0.366 0.500
WiA-LLM (8b-sft) 0.301 0.440 0.290 0.429
WiA-LLM (8b-sft-grpo) 0.336 0.477 0.323 0.461

Table 5: Performance on the IFEval benchmark Zhou et al. (2023). Detailed metrics are provided in
Appendix C.3.

C.2 BENCHMARK DESCRIPTIONS

The details of the benchmarks are as follows. To facilitate reproducibility, we provide the source
links for these benchmarks in Table 3.

• Ape210K Zhao et al. (2020): A large-scale, template-rich math word problem dataset. For our
experiments, we randomly sample 200 examples from the test set.

• MMLU Hendrycks et al. (2021): A comprehensive benchmark covering knowledge from 57 sub-
jects across STEM, humanities, social sciences, and more. It ranges in difficulty from elementary
to advanced professional level, testing both world knowledge and problem-solving ability. We
sample the first 50 examples from each subject, resulting in 50× 57 = 2850 cases for our experi-
ments.

• CEval Huang et al. (2023): Similar to MMLU, CEval is a Chinese-language benchmark compris-
ing 52 subtasks across four categories: STEM, social sciences, humanities, and others. We use
it as an additional testbed to evaluate language mixing challenges as discussed in DeepSeek-AI
et al. (2025).

• School-Chinese lanhin (2018): This benchmark assesses the memorization capabilities of LLMs
on classical Chinese poetry by requiring the model to predict subsequent content given introduc-
tory text. We manually collected these datasets from public repositories, resulting in a benchmark
with 269 samples.

• BBH Suzgun et al. (2023): A subset of BIG-Bench Srivastava et al. (2023) focused on 23 chal-
lenging tasks that require multi-step reasoning. It is widely regarded as a standard evaluation set
for assessing the logical reasoning abilities of language models.
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• IfEval Zhou et al. (2023): A standard benchmark for evaluating the instruction-following capabil-
ities of LLMs. It contains approximately 500 verifiable instructions, such as ”write more than 400
words” or ”mention the keyword ’AI’ at least three times,” which can be automatically checked
using heuristics.

C.3 METRICS FOR IFEVAL

We use the IFEval benchmark Zhou et al. (2023) to evaluate the instruction-following capabilities
of WiA-LLM, as reported in Table 5. The evaluation is based on four key metrics, which vary along
two dimensions: granularity (whether evaluation is performed at the level of the entire prompt or on
individual instructions) and verification strictness (how rigorously the model’s output is checked).

For granularity, we consider two levels: (1) Prompt-Level: The entire prompt (which may contain
multiple instructions) is evaluated as a single unit. All instructions must be satisfied for the prompt to
be counted as correct. (2) Instruction-Level: Each instruction is evaluated independently, regardless
of the prompt to which it belongs.

For verification strictness, we also consider two levels: (1) Strict: The output must match the in-
structions exactly, including both content and formatting. Even minor deviations (e.g., missing bold
text) result in failure. (2) Loose: Some flexibility is allowed by applying transformations to the out-
put (e.g., removing markdown or extra text) prior to evaluation, focusing on the main intent of the
instruction.

The precise definitions of each metric are as follows:

• Prompt-Level Strict-Accuracy: The percentage of prompts for which every instruction is fol-
lowed exactly as specified, with no deviations in content or formatting. For prompts with multiple
instructions, all must be perfectly executed for the prompt to be counted as correct; a single error
causes the prompt to fail.

• Instruction-Level Strict-Accuracy: The percentage of individual instructions across all prompts
that are followed exactly as specified. Each instruction is checked independently, and the metric
counts how many are perfectly executed, even if others in the same prompt fail.

• Prompt-Level Loose-Accuracy: A more lenient version of prompt-level accuracy. After normal-
izing the output (e.g., removing markdown or extraneous text), all instructions must be satisfied
for the entire prompt to be counted as correct.

• Instruction-Level Loose-Accuracy: A more relaxed version of instruction-level accuracy. Af-
ter normalization, each instruction is evaluated separately and considered correct if it meets the
requirements, even if there are minor formatting differences.
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D PROMPTING LIST

Training Prompt. To train WiA-LLM, we begin by designing a straightforward template that
guides the initial LLM to follow our predefined instructions. As shown in Table D, this template
organizes the model’s output into two parts: a reasoning process and a final answer. We intentionally
restrict our requirements to this structural format, following Jin et al. (2025), in order to avoid
introducing any content-specific biases.

Training Prompt

You are an AI assistant for the Honor of Kings game. As the
main player's assistant, you need to analyze the
potential battlefield changes #time_gap# seconds after
the main player's action.

↪→

↪→

↪→

The current game state is:
<game_state>GAME_STATE</game_state>, and the main
player's executed action is <action>ACTION</action>.

↪→

↪→

Please consider the following four aspects when analyzing the
potential game state change:↪→

- 1. Minion Wave Changes: Analyze changes in minion wave
pushing status (e.g., whether a lane's minions enter or
exit enemy turret range) and changes in wave-clearing
heroes.

↪→

↪→

↪→

- 2. Turret Changes: Analyze changes in turret HP and
changes in turret attack status. Note that turret
protection mechanics do not grant invincibility;
turrets still lose HP when attacked.

↪→

↪→

↪→

- 3. Hero Changes: Analyze hero deaths (e.g., a hero being
eliminated).↪→

- 4. Dragon Status Changes: Analyze whether the Lord,
Turtle, or Storm Dragon is being attacked. Note that
any HP reduction is considered an attack.

↪→

↪→

Please put your thinking process in <think></think>, and game
state change in <answer></answer>. The answer should be
formulated as a JSON object covering the following keys:
(1) minion_wave_changes; (2) turret_changes; (3)
hero_changes and (4) dragon_status_changes.

↪→

↪→

↪→

↪→

Distillation Prompt from DS-R1. In Table D, we present the prompt used to distill reasoning data
from Deepseek-R1. We supply the ground-truth game state change along with the corresponding
instructions to the R1 model, prompting it to generate the reasoning process (Ct) that links the state
(St) and action (at) to the resulting outcome.

Distillation Prompt from DS-R1

You are an AI assistant for the Honor of Kings game. Your
task is to analyze the given battlefield changes and
generate the corresponding logical reasoning process
explaining how these changes occurred based on the
current game state.

↪→

↪→

↪→

↪→

Current game state: <game_state>GAME_STATE</game_state>; main
player's executed action: <action>ACTION</action>;↪→
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Game state changes after #time_gap#:
<game_state_change>STATE_CHANGE</game_state_change>.↪→

As a game assistant, you need to analyze the causes of the
battlefield changes that occurred #time_gap# seconds
after the main player's action and generate a reasoning
process explaining how these changes happened based on
the current game state.

↪→

↪→

↪→

↪→

Place your reasoning inside <answer></answer>.

Downstream Task Prompt. In Table D, we present the prompt used for the downstream task
of action prediction. The model first selects the top four potential actions and then analyzes the
consequences of each to determine the optimal choice.

Downstream Task Prompt

Given real-time game state information from an MOBA game,
provide decision-making suggestions as an assistant to
the main player.

↪→

↪→

# Board State: <game_state>GAME_STATE</game_state>

Please first select the 4 most probable actions from the
candidate options set
<action_candidates>ACTION_CANDIDATES</action_candidates>.

↪→

↪→

Then analyze the consequences of each action one by one.

Finally, select the action most beneficial to our team based
on whether the consequences are favorable to our
situation.

↪→

↪→

Please put your thinking process in <think></think>, and
actions in <answer></answer>.↪→
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Action Space for Downstream Tasks

Category Action Explanation

None None No action triggered for a short period

Dragon
Lord Deal damage to the Lord (Main Dragon)
Tyrant Deal damage to the Tyrant (Early Game

Dragon)
Dragon King Deal damage to the Dragon King (Late

Game Dragon)

Tower

Crystal Deal damage to enemy Crystal (Nexus)
Top Tower Deal damage to Top Lane Tower
Mid Tower Deal damage to Mid Lane Tower
Bot Tower Deal damage to Bottom Lane Tower

Defense

Defend Crystal Defend our Crystal
Defend Top Tower Defend Top Lane Tower
Defend Mid Tower Defend Mid Lane Tower
Defend Bot Tower Defend Bottom Lane Tower

Hero

Top/Mid/Bot Hero Damage enemy heroes in respective lanes
River Top/Bot Hero Damage enemies in River areas
Allied/Enemy Jungle Hero Damage enemies in Jungle areas
Ally High-ground Hero Damage enemies on our High-ground
Enemy High-ground Hero Damage enemies on enemy High-ground

Line
Top/Mid/Bot Minions Clear minions in respective lanes
Ally High-ground Minions Clear minions on our High-ground
Enemy High-ground Minions Clear minions on enemy High-ground

Buff Allied Red/Blue Take our Red/Blue Buff
Enemy Red/Blue Steal enemy Red/Blue Buff

Jungle Allied/Enemy Camps Clear non-buff camps
Void Spirit / Crimson Raptor Kill River objectives (Crabs)

Grouping

Lane Grouping Group in Top, Mid, or Bot Lane
River Grouping Group in Upper or Lower River
Jungle Grouping Group in Allied or Enemy Jungle
High-ground Grouping Group on Allied or Enemy High-ground

Recall Recall Hero at fountain (including walk-back)
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