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Abstract

We present a superhuman Al agent for GENERALS.IO, a real-time strategy game that requires
both long-horizon planning and short-term tactics under strong imperfect information. Trained
for four days on 4x NVIDIA H200 GPUs, our agent reaches #1 on the public 1v1 leaderboard
of over 5,000 players. We reconsider the algorithmic machinery used in previous approaches and
show that simple, general-purpose methods suffice: we drop behavior cloning, potential-based
reward shaping, and population-based self-play in favor of a generic policy-gradient training loop.
Alongside the agent we release a JAX-native simulator supporting 1v1, 2v2, and arbitrary-/NV free-
for-all under a shared interface, enabling research on cooperative and general-sum multi-agent play.

1. Introduction

Games have driven much of modern deep reinforcement learning: Chess and Go [15, 17], Poker [4,
11], Stratego [13], StarCraft II [21], and Dota 2 [1]. These settings have motivated several classes of
algorithms. Counterfactual regret minimization [23] is the standard for tabular imperfect-information
play; neural fictitious self-play [6] pairs a best-response learner with a supervised average-policy
network; population-based methods such as PSRO [8] maintain a growing set of policies and an
oracle over them. As modern models and training pipelines grow ever more complex, it is worth
asking how robust the backbone methods underlying them really are. Recent work shows that a pol-
icy gradient with a simple regularizer matches or surpasses these specialized alternatives on small
imperfect-information games [14, 18] and reaches superhuman play in Stratego [19].

This work applies the same line to GENERALS.IO, a browser-based RTS with an active community
of several thousand players and competitive bots. Unlike StarCraft II or Dota 2, it is light and simple
enough to train on a single GPU while retaining a rich set of strategic and tactical challenges—
resource allocation, opponent modeling, and deception under fog of war. One rule set covers three
modes—1v1, 2v2, and free-for-all—spanning two-player zero-sum, team, and n-player general-
sum play. Our case study identifies which practical tweaks carry the weight at this scale.

Contributions.

* A JAX-native Generals.io environment' that reaches tens of millions of frames per second
on a single GPU and supports all three modes through a shared action and observation inter-
face, enabling research in cooperative and general-sum multi-agent reinforcement learning.

1. The environment will be released upon acceptance.
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Figure 1: Three views of the same game state: (a) perfect-information view; (b) the red player’s
view; (c) the blue player’s view. Crowns mark bases; numbers are unit counts.

* A superhuman agent from a simple recipe’ (Sections 4, 5). A transformer policy trained
end-to-end with sparse win/loss reward, a magnet regularizer [18], and an EMA of policy
parameters reaches #1 on the public 1v1 leaderboard by a large margin and beats the top two
individual humans head-to-head 13—7 and 15-5 respectively.

The remainder of the paper is organized as follows. Section 2 situates the work in the literature.
Section 3 describes the game and the JAX environment. Section 4 describes the agent: network
architecture, training objective, spawn-distance curriculum, parameter EMA, and top-advantage
filtering. Section 5 reports the human-leaderboard result and head-to-head scores against the top
two humans and the strongest non-learning bot. Section 6 isolates the effect of reward shaping and
the EMA. Section 7 summarizes the findings and outlines directions for future work.

2. Related Work

Policy-gradient methods in zero-sum games. Rudolph et al. [14] hypothesize that, with proper
tuning, generic policy-gradient methods are competitive with or superior to specialized game-
theoretic alternatives—CFR [23], fictitious play [3], double-oracle [9], PSRO [8]—in imperfect-
information games, and support this with a large exploitability study on small-size benchmarks.
Sokota et al. [19] apply the same idea at scale: regularized policy gradients—magnetic mirror de-
scent [18] and R-NaD [13]—reach expert-level play in Stratego. We add a case study in a large
real-time strategy game, with results consistent with their hypothesis.

Prior Generals.io work. Bhatia et al. [2] highlighted Generals.io as a promising testbed for Al
research and built a data-collection and bot-integration framework on top of Redis, releasing a rule-
based agent, Flobot. Xu et al. [22] likewise framed Generals.io as a cost-effective analogue of
Dota 2 and StarCraft II, and proposed a hierarchical self-play agent (HASP) that reaches a reported
77% win rate against F1obot. Neither released an environment suited to large-scale RL research.
Both agents are also far below the community-developed Human . exe, the strongest non-learning
agent, which wins close to 100% of games against either. Human . exe combines a wide range of
graph algorithms and dynamic programming, and was until recently the top bot on the leaderboard.
Straka and Schmid [20] introduced a gym-like, NumPy-based Generals.io environment and trained

2. Code and trained checkpoints will be released upon acceptance.



SUPERHUMAN AI FOR GENERALS.IO

a PPO agent that reached a top-25 placement on the 1v1 leaderboard, above Human . exe, relying
on behavior cloning from expert replays, potential-based reward shaping, and population-based
self-play.

3. Game

Generals.io is a real-time multiplayer strategy game on a grid with partial observability; at its core
are resource allocation, opponent modeling, and deception under fog of war—properties that to-
gether support a wide range of strategies and emergent behaviors. Each player commands an army
that grows over time, expands across the grid, and tries to capture the opponent’s general while
defending their own. Army units accumulate on owned cells and are dispatched one cell at a time;
contact with enemy units resolves into combat by subtraction. Each player sees only their own cells
and the immediate neighborhood around them (Figure 1), making scouting and deception central.
The same rule set supports 1v1, 2v2, and free-for-all formats, all exposed through our JAX-native
environment via a shared gym-like interface. Full mechanics are given in Appendix A.

4. Agent

This work introduces an Al for Generals.io trained from scratch by self-play reinforcement learn-
ing, without any human demonstrations or hand-engineered priors. The remainder of this section
describes the key components of the agent.

Network architecture. Figure 2 shows the overall architecture. The policy is parameterized
by a Chessformer-style transformer torso [10]. The environment produces a feature tensor o €
RE*HXW ‘\where H and W are the grid’s height and width and C' = 38 channels encode the cur-
rent observation together with a memory augmentation (for example, the last-known location of the
opponent’s base once it has been spotted). The spatial tensor is split into 3 x 3 patches, and each
patch is embedded into a single input token. Two additional non-spatial tokens carry global temporal
statistics rather than per-cell features: a 512-step sliding window of the opponent’s total army count
and a matching window of their total land count, each projected by an MLP into a single token.
These trajectories let the agent infer what the opponent is doing behind the fog of war—whether
they are expanding, consolidating, or massing an attack—from the way the scoreboard totals evolve.
Value and policy heads sit on top of the torso; the policy head produces an H x W x 9 distribution
that, for each source cell, assigns a probability to each of nine actions: pass, or one of two move
types (send all units or send half) in each of the four cardinal directions (2 x4+1 = 9). Appendix C
gives the full architecture specification and Appendix B the observation-channel layout.

Training objective. Our training objective combines a standard on-policy policy-gradient surro-
gate with a KL regularizer toward a fixed anchor policy manchor and a value-function loss:

L(#) = —Jppo-ciip(0) + pKL(7g || Tanchor) + B Lvatue(8).

In our setup, Tanchor 1S the uniform random policy, so the KL term is equivalent to an entropy bonus
and the overall objective reduces to the classical PPO loss [16]. Adding a further KL regularizer
toward the previous iterate KL (7g || 7o1q) would recover magnetic mirror descent [18]; we omit it,
which saves one forward pass through m,q per minibatch and in our experiments leaves training
stable. For L., We use the HL-Gauss categorical value loss of Farebrother et al. [5], which we
find noticeably more stable than MSE in our setting.



SUPERHUMAN AI FOR GENERALS.IO

Grid Patches

Linear Projection

I I I I Transformer Block x7
~
— [ T— o

— B T SRR —
— [ —
— ] —
—+ Bl EEEEEE —
— ] —
— (- —

— | | = — | Policy Head
X }
: )

Win Probability

Army Time Series

MLP 4
— O T T — Layer Normalization

Land Time Series Mw% - [T .

NN

Action Distribution

Figure 2: The environment observation is spatially sliced into 3 x 3 patches and linearly projected
into tokens. Alongside these, two time series of land and army counts are each projected
by an MLP into the token space. All tokens pass through the transformer and are then
consumed by a value head that predicts a win-probability distribution and a policy head
that produces a distribution over all possible actions.

Curriculum. In full-size Generals.io, the minimum BFS distance between the two generals is
constrained to be at least 17 steps, and training directly in this regime is not effective: a randomly
initialized policy rarely stumbles onto capturing the opponent’s base, so the win/loss signal is too
sparse to bootstrap learning. We therefore run a curriculum over spawn distance: we cap the maxi-
mum spawn distance between the two players at a small value (starting at four cells) and gradually
raise it over training until the full-game distribution is covered.

Exponential moving average. We accumulate the policy parameters over the course of training
into an EMA 0; = 76,_1 + (1 — 7)0;. Training gradients act on 6, but at deployment we evaluate 6,
which consistently outperforms the last iterate at inference.

Top-advantage filtering. Inspired by Sokota et al. [19], we keep only the top 25% of transitions
from each rollout batch, ranked by the critic’s predicted advantage, and compute the policy-gradient
update from those alone.

Computational efficiency. Previous simulators [20] relied on a NumPy-based environment and a
PyTorch training stack. We reimplement both the environment and the training loop in JAX, which
lets us jit-compile entire rollouts end-to-end; this yields a 32x speedup over the prior setup on
the same hardware.
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5. Evaluation

Our agent played 500 games on the public 1v1 ladder under the nicknames Average Joe® and
L_7d_gae90_30k_ema®, winning 411 of them (82%) to finish as the top-rated player on the
ladder. In direct series against the two highest-ranked humans, it won 13 of 20 games against the
rank-1 player shimatetsu and 15 of 20 against the rank-2 player Mithraaaa—a combined
28-12 record across the 40 games (one-sided binomial p = 0.006). Against the community state-
of-the-art heuristic agent Human . exe, our agent won all 10 of 10 games played.

Ratings on the Generals.io 1v1 ladder are computed with OpenSKkill [7]. As shown in Figure 3, our
agent (114 points) leads the strongest active human (105) by 9 points and the prior Al state of the
art, zero v3 [20] (74), by 40. For context, the top-100 ladder cutoff sits at 68 points; zero v3
itself already cleared that threshold.

Average Joe (ours) 114
shimatetsu 105
zerov3 74
Human.exe 70
Top-100 human 68

Openskill rating

Figure 3: Generals.io 1v1 leaderboard ratings (OpenSkill points). Our agent is the highest-rated
player on the ladder, ahead of the strongest human and well clear of the prior Al state of
the art (zero v3 [20]), and of the heuristic agent Human . exe.

6. Ablations
6.1. Reward Shaping

The previous state of the art, zero v3 [20], relied on potential-based reward shaping [12] to boot-
strap learning under tight compute constraints: the potential rewarded states with greater material
advantage, steering the policy toward stronger strategies faster. The massive speedups from reim-
plementing the environment in JAX and jitting the full training loop remove that pressure, and we
in fact observe that shaped reward starts to hurt as training progresses: it destabilizes late, while
sparse win/loss reward converges cleanly (Figure 4, left).

6.2. Exponential Moving Average

Across every experiment we ran during development, the EMA of the policy parameters was stronger
at inference than the corresponding last iterate (Figure 4, middle and right). Averaged across three
runs, after six days of training the EMA network still led the last iterate by roughly 30 Elo points.
We find this consistency striking, especially given that parameter EMA is not discussed as a load-
bearing ingredient in prior large-scale self-play work on StarCraft II [21], Dota 2 [1], or Strat-

3. Replays: https://generals.io/profiles/Average%$20Joe
4. Replays: https://generals.io/profiles/L_7d_gae90_30k_ema
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Figure 4: Left: winrate against a fixed reference policy for potential-based reward shaping (red) vs.
sparse win/loss reward (blue); mean =+ std over n = 5 runs. Shaped reward destabilizes
late. Middle: Elo of EMA parameters (red) vs. last iterate (blue), averaged over three
runs. Right: Elo gap between EMA and last iterate.

ego [13]; the one exception we are aware of is Sokota et al. [19]. Understanding when and why pa-
rameter EMA helps in self-play RL, whether it is a generic stabilizer or specific to certain regimes,
is a natural question for future work.

7. Conclusion

We showed that in Generals.io—a large, partially-observed real-time strategy game—a generic
policy-gradient loop reaches superhuman play from sparse reward alone. Our ablations isolate
which ingredients do the work. We hope this serves as a reference point for future research in
games, showing how far policy-gradient methods can scale. Alongside the agent, we release a JAX-
native environment that makes these experiments tractable on a single GPU and provides a shared
interface for 1vl, 2v2, and free-for-all play—a lightweight yet strategically rich testbed for research
on cooperative and general-sum multi-agent RL.

Future work. The natural next step is to test how far simple policy-gradient methods carry beyond
two-player zero-sum play. The 2v2 and free-for-all formats in our environment expose general-sum
dynamics under the same rules, and they are the obvious place to probe whether these methods
remain effective outside the zero-sum regime. The ablations here are only a starting point. One
direction concerns top-advantage filtering: we observed noticeably better wall-clock and sample
efficiency with it enabled, hinting that many collected samples are redundant and that more prin-
cipled data-filtering methods could be a fruitful direction. A related open question concerns the
KL (7p]||mo1a) trust-region term from the original MMD formulation, which we drop to save a for-
ward pass per minibatch with no visible degradation; the stability/compute tradeoff is worth mea-
suring more carefully. More broadly, while we observe robustness across the schedules we tried
(Appendix F), a thorough hyperparameter sensitivity analysis in large games remains to be done.
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Appendix A. Game Rules
We describe the 1v1 (two-player) format; free-for-all and team variants are covered at the end.

Generals.io is played on an H x W grid (up to 23 x 23), with cells that are plain (traversable),
mountain (impassable), or hold a general or castle. Each player owns one general and wins by cap-
turing the opponent’s. Each player sees only their owned cells and the Moore (8-cell) neighborhood
around them (Figure 1); a scoreboard exposes each player’s total cell and army counts.

Generals and owned castles produce one unit every other turn, and every 50 turns each owned plain
cell produces one unit as well. On each turn a player selects a source cell and a cardinal direction,
dispatching either all but one unit or exactly half of the cell’s units to the neighboring cell. Combat
is resolved by subtraction: if the destination is empty or friendly the moved units simply accumulate
there; otherwise the two stacks cancel one-for-one, and whichever side is larger survives with the
remaining difference and takes ownership of the cell. Capturing a neutral castle requires paying
down its 40-50 starting units through combat; once captured, it produces for its new owner like any
owned castle. In the browser version each turn advances every 0.5 seconds in real time.

In free-for-all with N players, capturing another player’s general transfers all of their cells to the
captor along with half of their total army, and the captured general is converted into a regular castle.
In team play, moving onto an ally-owned cell transfers the cell’s ownership to the mover while
pooling the ally’s units there into the moving stack rather than subtracting them.

Appendix B. Observation Space

The environment exposes a feature tensor with C' = 24+ 2 Hy;e channels, where Hyg is the per-cell
delta history length (default 7, giving C' = 38 channels). All channels are (H, ') spatial maps;
scalar quantities are broadcast across the grid, and cells outside the playable area are padded with
mountain tokens. Channels 0-3 and 9-13 are instantaneous (read from the current step); channels
4-8 and 20-21 are persistent memory accumulated across the episode; channels 16-19 are scalar
game-state statistics broadcast to every cell; and channels 24 onward stack per-cell army-count
deltas over the last Hy;s steps. On top of the spatial channels, the transformer also consumes two
non-spatial temporal tokens encoding the opponent’s army-total and land-count time series over a
512-step sliding window; these are prepended as summary tokens alongside the value token.

10
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Table 1: Observation channels. Indices assume Hp;e = 7.

Index Name Encoding

0 armies Raw army count on each visible cell (0 if fogged).

1 own_army Army count on cells owned by the agent; 0 elsewhere.

2 enemy_army Army count on cells owned by the opponent; 0 elsewhere.

3 neutral_army Army count on neutral cells (unclaimed cities/generals); 0
elsewhere.

4 seen Persistent visibility mask: 1 for any cell the agent has ever
seen (max-pooled 3 x 3 owned-cell halo).

5 enemy_seen Persistent mask: 1 for any cell where an enemy unit has ever
been observed.

6 generals Persistent mask of all general positions ever revealed (own
and opponent).

7 cities Persistent mask of all city positions ever revealed.

8 mountains Persistent mountain mask (visible mountains U known padded
border).

9 neutral_cells Current-frame mask of neutral-owned cells.

10 owned_cells Current-frame mask of agent-owned cells.

11 opponent_cells Current-frame mask of opponent-owned cells.

12 fog_cells Current-frame fog-of-war mask (cells not visible this step).

13 structures_in_fog Mask of fog cells known to contain a structure
(city/mountain/general) or unseen padded border.

14 timestep Absolute game step, broadcast as a constant map.

15 timestep_mod50 (timestep mod 50)/50, broadcast: phase within the army-
production cycle.

16 own_Jland_count Scalar: number of cells the agent owns, broadcast.

17 own_army_count Scalar: total agent army, broadcast.

18 opp_land_count Scalar: number of cells the opponent owns, broadcast.

19 opp_army_count Scalar: total opponent army (last observed), broadcast.

20 last_enemy_army_seen Per-cell memory: most recently observed enemy army count
at that cell (sticky, not reset when the cell re-fogs).

21 last_enemy_army_age  Per-cell log-decayed age log(1+ At)/5 where At is the num-
ber of steps since the enemy was last seen there (0 when cur-
rently visible).

22 coord_x Normalized column coordinate in [0, 1], broadcast across
rOwS.

23 coord_y Normalized row coordinate in [0,1], broadcast across
columns.

24-30 own_army_delta Stack of Hpiy per-cell differences own_army(t — k) —
own_army(t — k — 1): recent changes in own army counts
per cell.

31-37 enemy_army_delta Stack of Hyjs per-cell differences of enemy army counts: re-

cent observed enemy movement and production per cell.

11
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Appendix C. Network

A single learned value token is prepended to every observation alongside the spatial patch tokens and
the two temporal history tokens. The value head is a linear projection of this value token followed
by a softmax over HL-Gauss bins. The policy head takes only the tokens corresponding to cells
of the game grid and linearly projects each into a 9-logit vector, yielding the H x W x 9 action
distribution. Transformer hyperparameters are listed in Table 2.

Table 2: Network hyperparameters.
Parameter Value

Depth 7
Embedding dimension 448
Feedforward dimension 1344
Attention heads 8

Total parameters 15.356M

Appendix D. Hyperparameters

Table 3 lists the training hyperparameters used in the reported runs.

Table 3: Training hyperparameters.

Parameter Value

PPO

Environments per iteration 512

Rollout length 512

Minibatch size 1024

Epochs per iteration 1

Clip range € 0.2

Value-loss coefficient 0.5
Gradient-norm clip 0.267
Top-advantage fraction 0.25

Discount 1.0

GAE )\ 0.9

Schedules

Learning rate clip(0.5 (¢ + 1)~ 5x1076, 1x1074)
Entropy 0.05 (t +1)702
Value head (HL-Gauss)

Bins 128

Range [—1,1]

o 0.04

EMA decay 7 0.999

12
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Appendix E. Simulator Performance

We benchmark the JAX environment throughput on a single NVIDIA H200 GPU, sweeping the
number of parallel environments in powers of two. Each configuration runs the full step loop end-
to-end (observation assembly, action application, reward computation) without a training update.
Throughput is reported in millions of environment steps per second (FPS). Results are in Table 4:
throughput scales with batch size and saturates in the tens of millions of FPS regime once a few
thousand environments are batched.

Table 4: JAX environment throughput on a single NVIDIA H200 GPU as a function of the number
of parallel environments.
Environments Frames Per Second

1,024 13.5M
2,048 922.3M
4,096 31.7M
8,192 40.8M
16,384 45.9M
32,768 50.7M

Appendix F. Schedule Sensitivity

Rudolph et al. [14] report that carefully tuned policy-gradient methods are comparable to or better
than CFR, fictitious play, and PSRO across a range of imperfect-information games. Building on
that, Sokota et al. [19] claim that the specific annealing schedules of the learning rate and the entropy
coefficient were critical for smooth training dynamics. In contrast, we observe robustness across
different schedules: combinations of power-law and linear decays for both the learning rate and the
entropy coefficient all reach comparable local Elo (Figure 5). Computational constraints did not
allow us to run more longer-term experiments, and a broader sensitivity analysis remains for future
work.
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Figure 5: Relationship between different schedules and Elo. Left: learning-rate schedules—
power-law decays (blue, red) and a linear decay (yellow). Middle: entropy-coefficient
schedules—power-law decays (blue, yellow) and a linear decay (red). Right: Elo from
local round-robin evaluation amongst checkpoints.
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