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Abstract

On April 13th, 2019, OpenAl Five became the first Al system to defeat the world cham-
pions at an esports game. The game of Dota 2 presents novel challenges for Al systems such
as long time horizons, imperfect information, and complex, continuous state-action spaces, all
challenges which will become increasingly central to more capable Al systems. OpenAl Five
leveraged existing reinforcement learning techniques, scaled to learn from batches of approxi-
mately 2 million frames every 2 seconds. We developed a distributed training system and tools
for continual training which allowed us to train OpenAl Five for 10 months. By defeating the
Dota 2 world champion (Team OG), OpenAl Five demonstrates that self-play reinforcement
learning can achieve superhuman performance on a difficult task.

1 Introduction

The long-term goal of artificial intelligence is to solve advanced real-world challenges. Games have
served as stepping stones along this path for decades, from Backgammon (1992) to Chess (1997) to
Atari (2013)[1-3]. In 2016, AlphaGo defeated the world champion at Go using deep reinforcement
learning and Monte Carlo tree search[4]. In recent years, reinforcement learning (RL) models have
tackled tasks as varied as robotic manipulation|5], text summarization [6], and video games such as
Starcraft|7] and Minecraft|8].

Relative to previous Al milestones like Chess or Go, complex video games start to capture the
complexity and continuous nature of the real world. Dota 2 is a multiplayer real-time strategy game
produced by Valve Corporation in 2013, which averaged between 500,000 and 1,000,000 concurrent
players between 2013 and 2019. The game is actively played by full time professionals; the prize
pool for the 2019 international championship exceeded $35 million (the largest of any esports game
in the world)[9, 10]. The game presents challenges for reinforcement learning due to long time
horizons, partial observability, and high dimensionality of observation and action spaces. Dota 2’s

*Authors listed alphabetically. Please cite as OpenAl et al., and use the following bibtex for citation: https:
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rules are also complex — the game has been actively developed for over a decade, with game logic
implemented in hundreds of thousands of lines of code.

The key ingredient in solving this complex environment was to scale existing reinforcement
learning systems to unprecedented levels, utilizing thousands of GPUs over multiple months. We
built a distributed training system to do this which we used to train a Dota 2-playing agent called
OpenAl Five. In April 2019, OpenAl Five defeated the Dota 2 world champions (Team OG?!), the
first time an AI system has beaten an esport world champion®. We also opened OpenAl Five to
the Dota 2 community for competitive play; OpenAl Five won 99.4% of over 7000 games.

One challenge we faced in training was that the environment and code continually changed as
our project progressed. In order to train without restarting from the beginning after each change,
we developed a collection of tools to resume training with minimal loss in performance which we
call surgery. Over the 10-month training process, we performed approximately one surgery per
two weeks. These tools allowed us to make frequent improvements to our strongest agent within a
shorter time than the typical practice of training from scratch would allow. As Al systems tackle
larger and harder problems, further investigation of settings with ever-changing environments and
iterative development will be critical.

In section 2, we describe Dota 2 in more detail along with the challenges it presents. In section 3
we discuss the technical components of the training system, leaving most of the details to appendices
cited therein. In section 4, we summarize our long-running experiment and the path that lead to
defeating the world champions. We also describe lessons we’ve learned about reinforcement learning
which may generalize to other complex tasks.

2 Dota 2

Dota 2 is played on a square map with two teams defending bases in opposite corners. Each
team’s base contains a structure called an ancient; the game ends when one of these ancients is
destroyed by the opposing team. Teams have five players, each controlling a hero unit with unique
abilities. During the game, both teams have a constant stream of small “creep” units, uncontrolled
by the players, which walk towards the enemy base attacking any opponent units or buildings.
Players gather resources such as gold from creeps, which they use to increase their hero’s power by
purchasing items and improving abilities.
To play Dota 2, an Al system must address various challenges:

Long time horizons. Dota 2 games run at 30 frames per second for approximately 45
minutes. OpenAl Five selects an action every fourth frame, yielding approximately 20,000
steps per episode. By comparison, chess usually lasts 80 moves, Go 150 moves|11].

Partially-observed state. Each team in the game can only see the portion of the game state
near their units and buildings; the rest of the map is hidden. Strong play requires making
inferences based on incomplete data, and modeling the opponent’s behavior.

lhttps://www.facebook.com/0OGDota2/

2Full game replays and other supplemental can be downloaded from: https://openai.com/blog/
how-to-train-your—openai-five/

SFurther information the rules and gameplay of Dota 2 is readily accessible online; a good introductory resource
is https://purgegamers.true.io/g/dota-2-guide/
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High-dimensional action and observation spaces. Dota 2 is played on a large map
containing ten heroes, dozens of buildings, dozens of non-player units, and a long tail of game
features such as runes, trees, and wards. OpenAl Five observes  16;000 total values (mostly
floats and categorical values with hundreds of possibilities) each time step. We discretize the
action space; on an average timestep our model chooses among 8,000 to 80,000 actions (de-
pending on hero). For comparison Chess requires around one thousand values per observation
(mostly 6-possibility categorical values) and Go around six thousand values (all binary)[12].
Chess has a branching factor of around 35 valid actions, and Go around 250[11].

Our system played Dota 2 with two limitations from the regular game:

Subset of 17 heroes — in the normal game players select before the game one from a pool of
117 heroes to play; we support 17 of them.

No support for items which allow a player to temporarily control multiple units at the same
time (Illusion Rune, Helm of the Dominator, Manta Style, and Necronomicon). We removed
these to avoid the added technical complexity of enabling the agent to control multiple units.

3 Training System

3.1 Playing Dota using Al

Humans interact with the Dota 2 game using a keyboard, mouse, and computer monitor. They
make decisions in real time, reason about long-term consequences of their actions, and more. We
adopt the following framework to translate the vague problem of “play this complex game at a
superhuman level" into a detailed objective suitable for optimization.

Although the Dota 2 engine runs at 30 frames per second, OpenAl Five only acts on every 4th
frame which we call a timestep. Each timestep, OpenAl Five receives an observation from the game
engine encoding all the information a human player would see such as units’ health, position, etc
(see Appendix E for an in-depth discussion of the observation). OpenAl Five then returns a discrete
action to the game engine, encoding a desired movement, attack, etc.

Certain game mechanics were controlled by hand-scripted logic rather than the policy: the order
in which heroes purchase items and abilities, control of the unique courier unit, and which items
heroes keep in reserve. While we believe the agent could ultimately perform better if these actions
were not scripted, we achieved superhuman performance before doing so. Full details of our action
space and scripted actions are described in Appendix F.

Some properties of the environment were randomized during training, including the heroes in
the game and which items the heroes purchased. Sufficiently diverse training games are necessary
to ensure robustness to the wide variety of strategies and situations that arise in games against
human opponents. See subsection O.2 for details of the domain randomizations.

We define a policy () as a function from the history of observations to a probability distribution
over actions, which we parameterize as a recurrent neural network with approximately 159 million
parameters ( ). The neural network consists primarily of a single-layer 4096-unit LSTM [13] (see
Figure 1). Given a policy, we play games by repeatedly passing the current observation as input
and sampling an action from the output distribution at each timestep.

4See Appendix P for experiments characterizing the effect of hero pool size.
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Figure 1: Simplified OpenAl Five Model Architecture: The complex multi-array observation
space is processed into a single vector, which is then passed through a 4096-unit LSTM. The LSTM
state is projected to obtain the policy outputs (actions and value function). Each of the five heroes
on the team is controlled by a replica of this network with nearly identical inputs, each with its own
hidden state. The networks take different actions due to a part of the observation processing’s output
indicating which of the five heroes is being controlled. The LSTM composes 84% of the model’s
total parameter count. See Figure 17 and Figure 18 in Appendix H for a detailed breakdown of our
model architecture.

Separate replicas of the same policy function (with identical parameters ) are used to control
each of the five heroes on the team. Because visible information and fog of war (area that is visible
to players due to proximity of friendly units) are shared across a team in Dota 2, the observations
are nearly® identical for each hero.

Instead of using the pixels on the screen, we approximate the information available to a human
player in a set of data arrays (see Appendix E for full details of the observations space). This
approximation is imperfect; there are small pieces of information which humans can gain access to
which we have not encoded in the observations. On the flip side, while we were careful to ensure that
all the information available to the model is also available to a human, the model does get to see all
the information available simultaneously every time step, whereas a human needs to actively click
to see various parts of the map and status modifiers. OpenAl Five uses this semantic observation
space for two reasons: First, because our goal is to study strategic planning and high-level decision-
making rather than focus on visual processing. Second, it is infeasible for us to render each frame to
pixels in all training games; this would multiply the computation resources required for the project
many-fold. Although these discrepancies exist, we do not believe they introduce significant bias
when benchmarking against human players. To allow the five networks to choose different actions,
the LSTM receives an extra input from the observation processing, indicating which of the five
heroes is being controlled, detailed in Figure 17.

Because of the expansive nature of the problem and the size and expense of each experiment, it
was not practical to investigate all the details of the policy and training system. Many details, even

SWe do include a very small number of derived features which depend on the hero being controlled, for example
the “distance to me” feature of each unit in the game.



some large ones, were set for historical reasons or on the basis of preliminary investigations without
full ablations.

3.2 Optimizing the Policy

Our goal is to find a policy which maximizes the probability of winning the game against professional
human experts. In practice, we maximize a reward function which includes additional signals such
as characters dying, collecting resources, etc. We also apply several techniques to exploit the zero-
sum multiplayer structure of the problem when computing the reward function — for example, we
symmetrize rewards by subtracting the reward earned by the opposing team. We discuss the details
of the reward function in Appendix G. We constructed the reward function once at the start of
the project based on team members’ familiarity with the game. Although we made minor tweaks
when game versions changed, we found that our initial choice of what to reward worked fairly
well. The presence of these additional signals was important for successful training (as discussed in
Appendix G).

The policy is trained using Proximal Policy Optimization (PPO)[14], a variant of advantage actor
critic[15, 16].> The optimization algorithm uses Generalized Advantage Estimation [17] (GAE), a
standard advantage-based variance reduction technique [15] to stabilize and accelerate training. We
train a network with a central, shared LSTM block, that feeds into separate fully connected layers
producing policy and value function outputs.

The training system is represented in Figure 2. We train our policy using collected self-play
experience from playing Dota 2, similar to [18]. A central pool of optimizer GPUSs receives game
data and stores it asynchronously in local buffers called experience bulers. Each optimizer GPU
computes gradients using minibatches sampled randomly from its experience buffer. Gradients
are averaged across the pool using NCCL2[19] allreduce before being synchronously applied to the
parameters. In this way the effective batch size is the batch size on each GPU (120 samples, each
with 16 timesteps) multiplied by the number of GPUs (up to 1536 at the peak), for a total batch
size of 2,949,120 time steps (each with five hero policy replicas).

We apply the Adam optimizer [20] using truncated backpropagation through time[21| over sam-
ples of 16 timesteps. Gradients are additionally clipped per parameter to be within between 5 v
where V is the running estimate of the second moment of the (unclipped) gradient. Every 32 gradi-
ent steps, the optimizers publish a new version of the parameters to a central Redis’ storage called
the controller. The controller also stores all metadata about the state of the system, for stopping
and restarting training runs.

“Rollout” worker machines run self-play games. They run these games at approximately 1/2
real time, because we found that we could run slightly more than twice as many games in parallel
at this speed, increasing total throughput. We describe our integration with the Dota 2 engine in
Appendix K. They play the latest policy against itself for 80% of games, and play against older
policies for 20% of games (for details of opponent sampling, see Appendix N). The rollout machines
run the game engine but not the policy; they communicate with a separate pool of GPU machines
which run forward passes in larger batches of approximately 60. These machines frequently poll the
controller to gather the newest parameters.

5Early on in the project, we considered other algorithms including other policy gradient methods, g-learning, and
evolutionary strategies. PPO was the first to show initial learning progress.
"http://redis.io
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Figure 2: System Overview: Our training system consists of 4 primary types of machines. Roll-
outs run the Dota 2 game on CPUs. They communicate in a tight loop with Forward Pass GPUs,
which sample actions from the policy given the current observation. Rollouts send their data to
Optimizer GPUs, which perform gradient updates. The Optimizers publish the parameter versions
to storage in the Controller, and the Forward Pass GPUs occasionally pull the latest parameter
version. Machine numbers are for the Rerun experiment described in subsection 4.2; OpenAl Five’s
numbers fluctuated between this scale and approximately 3x larger.



Rollout machines send data asynchronously from games that are in progress, instead of waiting
for an entire game to finish before publishing data for optimization®; see Figure 8 in Appendix C
for more discussion of how rollout data is aggregated. See Figure 5b for the benefits of keeping the
rollout-optimization loop tight. Because we use GAE with = 0:95, the GAE rewards need to be
smoothed over a number of timesteps 1= = 20; using 256 timesteps causes relatively little loss.

The entire system runs on our custom distributed training platform called Rapid[5], running on
Google Cloud Platform. We use ops from the blocksparse library for fast GPU training[22]. For a
full list of the hyperparameters used in training, see Appendix C.

3.3 Continual Transfer via Surgery

As the project progressed, our code and environment gradually changed for three different reasons:

1. As we experimented and learned, we implemented changes to the training process (reward
structure, observations, etc) or even to the architecture of the policy neural network.

2. Over time we expanded the set of game mechanics supported by the agent’s action and obser-
vation spaces. These were not introduced gradually in an effort to build a perfect curriculum.
Rather they were added incrementally as a consequence of following the standard engineering
practice of building a system by starting simple and adding complexity piece by piece over
time.

3. From time to time, Valve publishes a new Dota 2 version including changes to the core game
mechanics and the properties of heroes, items, maps, etc; to compare to human players our
agent must play on the latest game version.

These changes can modify the shapes and sizes of the model’s layers, the semantic meaning of
categorical observation values, etc.

When these changes occur, most aspects of the old model are likely relevant in the new envi-
ronment. But cherry-picking parts of the parameter vector to carry over is challenging and limits
reproducibility. For these reasons training from scratch is the safe and common response to such
changes.

However, training OpenAl Five was a multi-month process with high capital expenditure, mo-
tivating the need for methods that can persist models across domain and feature changes. It would
have been prohibitive (in time and money) to train a fresh model to a high level of skill after each
such change (approximately every two weeks). For example, we changed to Dota 2 version 7.21d,
eight days before our match against the world champions (OG); this would not have been possible
if we had not continued from the previous agent.

Our approach, which we term “surgery”, can be viewed as a collection of tools to perform offline
operations to the old model to obtain a new model *~ compatible with the new environment,
which performs at the same level of skill even if the parameter vectors "and  have different sizes
and semantics. We then begin training in the new environment using . In the simplest case where
the environment, observation, and action spaces did not change, our standard reduces to insisting

8Rollout machines produce 7.5 steps per second; they send data every 256 steps, or 34 seconds of game play.
Because our rollout games run at approximately half-speed, this means they push data approximately once per
minute.



that the new policy implements the same function from observed states to action probabilities as
the old:
80 "n(0) = (0) 1)

This case is a special case dflet2Net-style function preserving transformations [23]. We have
developed tools to implement Equation 1 exactly when possible (adding observations, expanding
layers, and other situations), and approximately when the type of modi cation to the environment,
observation space, or action space precludes satisfying it exactly. See Appendix B for further
discussion of surgery.

In the end, we performed over twenty surgeries (along with many unsuccessful surgery attempts)
over the ten-month lifetime of OpenAl Five (see Table 1 in Appendix B for a full list). Surgery
enabled continuous training without loss in performance (see Figure 4). In subsection 4.2 we discuss
our experimental veri cation of this method.

4 Experiments and Evaluation

OpenAl Five is a single training run that ran from June 30th, 2018 to April 22nd, 2019. After ten
months of training using 770 50 PFlops/s days of compute, it defeated the Dota 2 world champions
in a best-of-three match and 99.4% of human players during a multi-day online showcase.

In order to utilize this level of compute e ectively we had to scale up along three axes. First,
we used batch sizes of 1 to 3 million timesteps (grouped in unrolled LSTM windows of length 16).
Second, we used a model with over 150 million parameters. Finally, OpenAl Five trained for 180
days (spread over 10 months of real time due to restarts and reverts). Compared AlphaGo[4], we
use 50 to 150 times larger batch size, 20 times larger model, and 25 times longer training time.
Simultaneous works in recent months[7, 24] have matched or slightly exceeded our scale.

4.1 Human Evaluation

Over the course of training, OpenAl Five played games against numerous amateur players, pro-
fessional players, and professional teams in order to gauge progress. For a complete list of the
professional teams OpenAl Five played against over time, see Appendix |.

On April 13th, OpenAl Five played a high-pro le game against OG, the reigning Dota 2 world
champions, winning a best-of-three (2-0) and demonstrating that our system can learn to play at
the highest levels of skill. For detailed analysis of our agent's performance during this game and its
overall understanding of the environment, see Appendix D.

Machine Learning systems often behave poorly when confronted with unexpected situations[25].
While winning a single high-stakes showmatch against the world champion indicates a very high level
of skill, it does not prove a broad understanding of the variety of challenges the human community
can present. To explore whether OpenAl Five could be consistently exploited by creative or out-
of-distribution play, we ran OpenAl Five Arena, in which we opened OpenAl Five to the public for
competitive online games from April 18-21, 2019. In total, Five played 3,193 teams in 7,257 total
games, winning 99.49%. Twenty-nine teams managed to defeat OpenAl Five for a total o#42 games

9Human players often abandoned losing games rather than playing them to the end, even abandoning games right
after an unfavorable hero selection draft before the main game begins. OpenAl Five does not abandon games, so we
count abandoned games as wins for OpenAl Five. These abandoned games (3140 of the 7215 wins) likely includes a
small number of games that were abandoned for technical or personal reasons.



Figure 3: TrueSkill over the course of training for OpenAl Five. To provide informal context for
how TrueSkill corresponds to human skill, we mark the level at which OpenAl Five begins to defeat
various opponents, from random to world champions. Note that this is biased against earlier models;
this TrueSkill evaluation is performed using the nal policy and environment (Dota 2 version 7.21d,
all non-illusion items, etc), even though earlier models were trained in the earlier environment.
We believe this contributes to the in ection point around 600 PFLOPs/s-days around that
point we gave the policy control of a new action (buyback) and performed a major Dota 2 version
upgrade (7.20). We speculate that the rapid increase to TrueSkill 200 early in training is due to the
exponential nature of the scale a constant TrueSkill di erence of approximately 8.3 corresponds
to an 80% winrate, and it is easier to learn how to consistently defeat bad agents.

lost.

In Dota 2, the key measure of human dexterity isreaction timel°. OpenAl Five can react to a
game event in 217ms on average. This quantity does not vary depending on game state. Itis di cult
to nd reliable data on Dota 2 professionals' reaction times, but typical human visual reaction time
is approximately 250ms[26]. See Appendix L for more details.

While human evaluation is the ultimate goal, we also need to evaluate our agents continually
during training in an automated way. We achieve this by comparing them to a pool of xed reference
agents with known skill using the TrueSkill rating system [27]. In our TrueSkill environment, a rating
of 0 corresponds to a random agent, and a di erence of approximately 8.3 TrueSkill between two
agents roughly corresponds to an 80% winrate of one versus the other (see Appendix J for details
of our TrueSkill setup). OpenAl Five's TrueSkill rating over time can be seen in Figure 3.

OpenAl Five's playstyle" is di cult to analyze rigorously (and is likely in uenced by our shaped
reward function) but we can discuss in broad terms the avor of comments human players made to
describe how our agent approached the game. Over the course of training, OpenAl Five developed

W contrast with RTS games like Starcraft, where the key measure is actions per minute due to the large number
of units that need to be supplied with actions.



a distinct style of play with noticeable similarities and di erences to human playstyles. Early
in training, OpenAl Five prioritized large group ghts in the game as opposed to accumulating
resources for later, which led to games where they were signi cantly behind if the enemy team
avoided ghts early. This playstyle was risky and would result in quick wins in under 20 minutes
if OpenAl Five got an early advantage, but had no way to recover from falling behind, leading to
long and drawn out losses often over 45 minutes.

As the agents improved, the playstyle evolved to align closer with human play while still main-
taining many of the characteristics learned early on. OpenAl Five began to concentrate resources
in the hands of its strongest heroes, which is common in human play. Five relied heavily on large
group battles, e ectively applying pressure when holding a signi cant advantage, but also avoided
ghts and focused on gathering resources if behind.

The nal agent played similar to humans in many broad areas, but had a few interesting dif-
ferences. Human players tend to assign heroes to dierent areas of the map and only reassign
occasionally, but OpenAl Five moved heroes back and forth across the map much more frequently.
Human players are often cautious when their hero has low health; OpenAl Five seemed to have
a very nely-tuned understanding of when an aggressive attack with a low-health hero was worth
a risk. Finally OpenAl Five tended to more readily consume resources, as well as abilities with
long cooldowns(time it takes to reload), while humans tend to hold on to those in case a better
opportunity arises later.

4.2 Validating Surgery with Rerun

In order to validate the time and resources saved by our surgery method (see subsection 3.3), we
trained a second agent between May 18, 2019 and June 12, 2019, using only the nal environment,
model architecture, etc. This training run, called Rerun, did not go through a tortuous route

of changing game rules, modi cations to the neural network parameters, online experiments with
hyperparameters, etc.

Rerun took 2 months and150 5 PFlops/s days of compute (see Figure 4). This timeframe is
signi cantly longer than the frequency of our surgery changes (which happened every 1-2 weeks).
As a naive comparison, if we had trained from scratch after each of our twenty major surgeries,
the project would have taken 40 months instead of 10 (in practice we likely would have made
fewer changes). Another benet of surgery was that we had a very high-skill agent available for
evaluation at all times, signi cantly tightening the iteration loop for experimental changes. In
OpenAl Five's regime exploring a novel task and building a novel environment perpetual
training is a signi cant bene t.

Of course, in situations where the environment is pre-built and well-understood from the start,
we see little need for surgery. Rerun took approximately 20% of the resources of OpenAl Five; if
we had access to the nal training environment ahead of time there would be no reason to start
training e.g. on a di erent version of the game.

Rerun continued to improve beyond OpenAl Five's skill, and reached over 98% winrate against
the nal version of OpenAl Five. We wanted to validate that our nal code and hyperparameters
would reproduce OpenAl Five performance, so we ceased training at that point. We believe Rerun
would have continued improving, both because of its upward trend and because we had yet to fully
anneal hyperparameters like learning rate and horizon to their nal OpenAl Five settings.

This process of surgery successfully allowed us to change the environment every week. However,
the model ultimately plateaued at a weaker skill level than the from-scratch model was able to

10



Figure 4: Training in an environment under development: In the top panel we see the
full history of our project - we used surgery methods to continue training OpenAl Five at each
environment or policy change without loss in performance; then we restarted once at the end to run
Rerun. On the bottom we see the hypothetical alternative, if we had restarted after each change
and waited for the model to reach the same level of skill (assuming pessimistically that the curve
would be identical to OpenAl Five). The ideal option would be to run Rerun-like training from the
very start, but this is impossible the OpenAl Five curve represents lessons learned that led to
the nal codebase, environment, etc., without which it would not be possible to train Rerun.

11



achieve. Learning how to continue long-running training without a ecting nal performance is a
promising area for future work.

Ultimately, while surgery as currently conceived is far from perfect, with proper tooling it
becomes a useful method for incorporating certain changes into long-running experiments without
paying the cost of a restart for each.

4.3 Batch Size

In this section, we evaluate the bene ts of increasing the batch size using small scale experiments.
Increasing the batch size in our case means two things: rst, using twice as many optimizer GPUs
to optimize over the larger batch, and second, using twice as many rollout machines and forward
pass GPUs to produce twice as many samples to feed the increased optimizer pool.

One compelling benchmark to compare against when increasing the batch sizdliisear speedup:
using 2x as much compute gets to the same skill level in 1/2 the time. If this scaling property
holds, it is possible to use the saméotal amount of GPU-days (and thus dollars) to reach a given
result[28]. In practice we see less than this ideal speedup, but the speedup from increasing batch
size is still noticeable and allows us to reach the result in less wall time.

To understand how batch size a ects training speed, we calculate the speedup of an experiment
to reach various TrueSkill thresholds, de ned as:

Versions for baseline to rst reach TrueSkill T

speedufT) = . . .
P {T) Versions for experiment to rst reach TrueSkill T

(2)

The results of varying batch size in the early part of training can be seen in Figure 5. Full
details of the experimental setup can be found in Appendix M. We nd that increasing the batch
size speeds up training through the regime we tested, up to batches of millions of observations.

Using the scale of Rerun, we were able to reach superhuman performance in two months. In
Figure 5a, we see that Rerun's batch size (983k time steps) had a speedup factor of around 2.5x
over the baseline batch size (123k). If we had instead used the smaller batch size, then, we might
expect to wait 5 months for the same result. We speculate that it would likely be longer, as the
speedup factor of 2.5 applies at TrueSkill 175 early in training, but it appears to increase with higher
TrueSkill.

Per results in [28], we hoped to nd (in the early part of training) linear speedup from increasing
batch size; i.e. that it would be 2x faster to train an agent to certain thresholds if we use 2x the
compute and data. Our results suggest that speedup is less than linear. However, we speculate
that this may change later in training when the problem becomes more di cult. Also, given the
relevant compute costs, in this ablation study we did not tune hyperparameters such as learning
rate separately for each batch size.

4.4 Data Quality

One unusual feature of our task is the length of the games; each rollout can take up to two hours to
complete. For this reason it is infeasible for us to optimize entirely on fullyon-policy trajectories;

if we waited to apply gradient updates for an entire rollout game to be played using the latest
parameters, we could make only one update every two hours. Instead, our rollout workers and
optimizers operate asynchronously: rollout workers download the latest parameters, play a small

12



(a) Batch size: Larger batch (b) Data Staleness: Training (c) Sample Reuse: Reusing
size speeds up training. In the on stale rollout data causes each sample of training data
early part of training studied signicant losses in training causes signi cant slowdowns. See
here, the speedup is sublinear in speed. Queue length estimates subsection M.3 for experiment de-
the computation and samples re- the amount of arti cial staleness tails.

quired. See subsection M.1 for ex- introduced; see subsection M.2

periment details. for experiment details.

Figure 5: Batch Size and data quality in early training: For each parameter, we ran multiple
training runs varying only that parameter. These runs cover early training (approximately one
week) at small scale (8x smaller than Rerun). On the left we plot TrueSkill over time for each run.
On the right, we plot the speedup to reach xed TrueSkill thresholds of 100, 125, 150, and 175 as a
function of the parameter under study compared to the baseline (marked with "b'); see Equation 2.
Higher speedup means that training was faster and more e cient. These four thresholds are chosen
arbitrarily; a few are omitted when the uncertainties are too large (for example in Figure 5c fewer
than half the experiments reach 175, so that speedup curve would not be informative).
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portion of the game, and upload data to the experience bu er, while optimizers continually sample
from whatever data is present in the experience bu er to optimize (Figure 2).

Early on in the project, we had rollout workers collect full episodes before sending it to the
optimizers and downloading new parameters. This means that once the data nally enters the
optimizers, it can be several hours old, corresponding to thousands of gradient steps. Gradients
computed from these old parameters were often useless or destructive. In the nal system rollout
workers send data to optimizers after only 256 timesteps, but even so this can be a problem.

We found it useful to de ne a metric for this called staleness If a sample was generated
by parameter versionN and we are now optimizing versionM, then we de ne the stalenessof
that data to be M N. In Figure 5b, we see that increasing staleness by 8 versions causes
signi cant slowdowns. Note that this level of staleness corresponds to a few minutes in a multi-
month experiment. Our nal system design targeted a staleness between 0 and 1 by sending game
data every 30 seconds of gameplay and updating to fresh parameters approximately once a minute,
making the loop faster than the time it takes the optimizers to process a single batch (32 PPO
gradient steps). Because of the high impact of staleness, in future work it may be worth investigating
whether optimization methods more robust to o -policy data could provide signi cant improvement
in our asynchronous data collection regime.

Because optimizers sample from an experience bu er, the same piece of data can be re-used many
times. If data is reused too often, it can lead to over tting on the reused data[18]. To diagnose this,
we de ned a metric called the sample reuseof the experiment as the instantaneous ratio between
the rate of optimizers consuming data and rollouts producing data. If optimizers are consuming
samples twice as fast as rollouts are producing them, then on average each sample is being used
twice and we say that the sample reuse is 2. In Figure 5c, we see that reusing the same data even
2-3 times can cause a factor of two slowdown, and reusing it 8 times may prevent the learning of a
competent policy altogether. Our nal system targets sample reuse 1 in all our experiments.

These experiments on the early part of training indicate that high quality data matters even
more than compute consumed; small degradations in data quality have severe e ects on learning.
Full details of the experiment setup can be found in Appendix M.

4.5 Long term credit assignment

Dota 2 has extremely long time dependencies. Where many reinforcement learning environment
episodes last hundreds of steps ([4, 29 31]), games of Dota 2 can last for tens of thousands of time
steps. Agents must execute plans that play out over many minutes, corresponding to thousands of
timesteps. This makes our experiment a unique platform to test the ability of these algorithms to
understand long-term credit assignment.

In Figure 6, we study the time horizon over which our agent discounts rewards, de ned as

H = ®3)

Here is the discount factor [17] andT is the real game time corresponding to each step (0.133
seconds). This measures the game time over which future rewards are integrated, and we use it as
a proxy for the long-term credit assignment which the agent can perform.

In Figure 6, we see that resuming training a skilled agent using a longer horizon makes it perform
better, up to the longest horizons we explored (6-12 minutes). This implies that our optimization
was capable of accurately assigning credit over long time scales, and capable of learning policies and
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Figure 6: E ect of horizon on agent performance. We resume training from a trained agent
using di erent horizons (we expect long-horizon planning to be present in highly-skilled agents, but
not from-scratch agents). The base agent was trained with a horizon of 180 seconds £ 0:9993,
and we include as a baseline continued training at horizon 180s. Increasing horizon increases win
rate over the trained agent at the point training was resumed, with diminishing returns at high
horizons.

actions which maximize rewards 6-12 minutes into the future. As the environments we attempt to
solve grow in complexity, long-term planning and thinking will become more and more important
for intelligent behavior.

5 Related Work

The OpenAl Five system builds upon several bodies of work combining deep reinforcement learning,
large-scale optimization of deep learning models, and using self-play to explore environments and
strategies.

Competitive games have long served as a testbed for learning. Early systems mastered Backgam-
mon [1], Checkers [32], and Chess [2]. Self-play was shown to be a powerful algorithm for learning
skills within high-dimensional continuous environments [33] and a method for automatically gener-
ating curricula [34]. Our use of self-play is similar in spirit to ctitious play [35], which has been
successfully applied to poker [36] - in this work we learn a distribution over opponents and use the
latest policy rather than an average policy.

Using a combination of imitation learning human games and self-play, Silver et al. demonstrated
a master-level Go player [4]. Building upon this work, AlphaGoZero, AlphaZero, and ExIt discard
imitation learning in favor of using Monte-Carlo Tree Search during training to obtain higher quality
trajectories [12, 37, 38] and apply this to Go, Chess, Shogi, and Hex. Most recently, human-level
play has been demonstrated in 3D rst-person multi-player environments [30], professional-level
play in the real-time strategy game StarCraft 2 using AlphaStar [7], and superhuman performance
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in Poker [39].

AlphaStar is particularly relevant to this paper. In that e ort, which ran concurrently to our
own, researchers trained agents to play Starcraft 2, another complex game with real-time perfor-
mance requirements, imperfect information, and long time horizons. The model for AlphaStar used
a similar hand-designed architecture to embed observations and an autoregressive action decoder,
with an LSTM core to handle partial observability. Both systems used actor critic reinforcement
learning methods as part of the overall objective. OpenAl Five has certain sub-systems hard-coded
(such as item buying), whereas AlphaStar handled similar decisions (e.g. building order) by con-
ditioning (during training) on statistics derived from human replays. OpenAl Five trained using
self play, while AlphaStar used a league consisting of multiple agents, where agents were trained to
beat certain subsets of other agents. Finally, AlphaStar's value network observed full information
about the game state (including observations hidden from the policy); this method improved their
training and exploring its application to Dota 2 is a promising direction for future work.

Deep reinforcement learning has been successfully applied to learning control policies from high
dimensional input. In 2013, Mnih et al.[3] show that it is possible to combine a deep convolutional
neural network with a Q-learning algorithm[40] and a novel experience replay approach to learn
policies that can reach superhuman performance on the Atari ALE games. Following this work, a
variety of e orts have pushed performance on the remaining Atari games[16], reduced the sample
complexity, and introduced new challenges by focusing on intrinsic rewards [41 43].

As more computational resources have become available, a body of work has developed address-
ing the use of distributed systems in training. Larger batch sizes were found to accelerate training of
image models[44 46]. Proximal Policy Optimization[14] and A3C [47] improve the ability to asyn-
chronously collect rollout data. Recent work has demonstrated the bene t of distributed learning
on a wide array of problems including single-player video games[48] and robotics[5].

The motivation for our surgery method is similar to prior work on Net2Netstyle function preserv-
ing transformations [23] which attempt to add model capacity without compromising performance,
whereas our surgery technique was used in cases where the inputs, outputs, and recurrent layer size
changed. Past methods have grown neural networks by incrementally training and freezing parts
of the network [49], [50], [51]. Li & Hoiem [52] and Rusuet al. [53] use similar methods to use
a trained model to quickly learn novel tasks. Distillation [54] and imitation learning [55, 56] o er
an alternate approach to surgery for making model changes in response to a shifting environment.
In concurrent work, OpenAl et al. [24] has reported success using behavioral cloning for similar
purposes.

6 Conclusion

When successfully scaled up, modern reinforcement learning techniques can achieve superhuman
performance in competitive esports games. The key ingredients are to expand the scale of compute
used, by increasing the batch size and total training time. In order to extend the training time of a
single run to ten months, we developed surgery techniques for continuing training across changes to
the model and environment. While we focused on Dota 2, we hypothesize these results will apply
more generally and these methods can solve any zero-sum two-team continuous environment which
can be simulated in parallel across hundreds of thousands of instances. In the future, environments
and tasks will continue to grow in complexity. Scaling will become even more important (for current
methods) as the tasks become more challenging.
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A Compute Usage

We estimate the optimization compute usage as follows: We break the experiment in segments
between each major surgery or batch size change. For each of those, we calculate the number of
gradient descent steps taken (number of iterations 32). We estimate the compute per step per

GPU using TensorFlow'stf.profiler.total_float_ops , then multiply together:
X
total compute = 32 (iterationeng iterationgar ) 4)
segment
(# gpus) (compute per step per gpu) (5)

Our uncertainty on this estimate comes primarily from ambiguities about what computation
counts. For example the tensor ow metrics include all ops in the graph including metric logging,
nan-checking, etc. It also includes the prediction of auxiliary heads such as win probability, which
are not necessary for gameplay or training. It does not count non-GPU compute on the optimizer
machines such as exporting parameter versions to the rollouts. We estimate these and other ambi-
guities to be around 5%. In addition, for OpenAl Five (although not for Rerun) we use a simpli ed
history of the experiment, rather than keeping track of every change and every time something
crashed and needed to be restarted; we estimate this does not add more than 5% error. We combine
these rough error estimates into a (very crude) net ambiguity estimate of 5-10%.

This computation concludes that OpenAl Five used770 50PFlops/s days of total optimization
compute on GPUs at the time of playing the world champions (April 13, 2019), and 82050 total
optimization compute when it was nally turned o on April 22nd, 2019. Rerun, on the other hand,
used150 5 PFlops/s days between May 18th and July 12th, 2019.

We adopted the methodology from [57] to facilitate comparisons. This has several important
caveats. First, the above computation only considers compute used for optimization. In fact this is
a relatively small portion of the total compute budget for the training run. In addition to the GPU
machines doing optimization (roughly 30% of the cost by dollars spent) there are approximately
the same number of GPUs running forward passes for the rollout workers (30%), as well as the
actual rollouts CPUs running the selfplay games (30%) and the overhead of controllers, TrueSkKill
evaluators, CPUs on the GPU machines, etc (10%).

Second, with any research project one needs to run many small studies, ablations, false starts,
etc. One also inevitably wastes some computing resources due to imperfect utilization. Traditionally
the Al community has not counted these towards the compute used by the project, as it is much
easier to count only the resources used by the nal training run. However, with our advent of
surgery, the line becomes much fuzzier. After 5 months of training on an older environment, we
could have chosen to start from scratch in the new environment, or performed surgery to keep the
old model. Either way, the same total amount of compute gets used; but the above calculation
ignores all the compute used up until the last time we chose to restart. For these reasons the
compute number for OpenAl Five should be taken with a large grain of salt, but this caveat does
not apply to Rerun, which was trained without surgery.

B Surgery

As discussed in 3.3, we designed surgery tools for continuing to train a single set of paramters
across changes to the environment, model architecture, observation space, and action space. The
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Date Iteration # params Change
6/30/2018 1 43,436,520 Experiment started
8/17/2018 81,821 43,559,322 Dota 2 version 7.19 adds new items, abilities, etc.
8/18/2018 84,432 43,805,274 Change environment to single courier;
remove cheating observations
8/26/2018 91,471 156,737,674 Double LSTM size
9/27/2018 123,821 156,809,485 Support for more heroes
10/3/2018 130,921 156,809,501 Obs: Roshan spawn timing
10/12/2018 140,402 156,811,805 Item: Bottle
10/19/2018 144,121 156,286,925 Obs: Stock counts;
Obs: Remove some obsolete obs
10/24/2018 150,111 156,286,867 Obs: Neutral creep & rune spawn timers
11/7/2018 161,482 156,221,309 Obs: Item swap cooldown;
Obs: Remove some obsolete obs
11/28/2018 185,749 156,221,669 Item: Divine rapier;
Obs: Improve observation of stale enemy heroes
12/10/2018 193,701 157,378,165 Obs: Modi ers on nonhero units.
12/14/2018 196,800 157,650,795 Action: Consumables on allies;
Obs: Line of sight information;
Obs: next item this hero will purchase;
Action: buyback
12/20/2018 203,241 157,679,655 Dota 2 version 7.20 adds new items, new item slot,
changes map, etc;
Obs: number of empty inventory slots
1/23/2019 211,191 158,495,991 Obs: Improve observations of area of e ects;
Obs: improve observation of modi ers' duration;
Obs: Improve observations about item Power Treads.
4/5/2019 220,076 158,502,815 Dota 2 version 7.21 adds new items, abilities, etc.

Table 1: All successful surgeries and major environment changes performed during the training
of OpenAl Five. This table does not include surgeries which were ultimately reverted due to
training failures, nor minor environment changes (such as improvements to partial reward weights
or scripted logic). Obs indicates than a new observation was added as an input to the model or
an existing one was changed. Action indicates that a new game action was made available, along
with appropriate observations about the state of that action. Item indicates that a new item was
introduced, including observation of the item and the action to use the item. The Dota 2 version
updates (7.19, 7.20 and 7.21) include many new items, actions, and observations.
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goal in each case is to resume training after the change without the agent losing any skill from
the change. Table 1 lists the major surgeries we performed in the lifetime of the OpenAl Five
experiment.

For changes which add parameters, one of the key questions to ask is how to initialize the new
parameters. If we initialize the parameters randomly and continue optimization, then noise will ow
into other parts of the model, causing the model to play badly and causing large gradients which
destroy the learned behaviors.

In the rest of this appendix we provide details of the tools we used to continue training across
each type of change. In general we had a high-skill model trained to act in one environment,
and due to a change to the problem design we need to begin training a newly-shaped modelin
a new environment. Ultimately the goal is for the TrueSkill of agent”+ to match that of

Changing the architecture In the most straightforward situation, the observation space, action
space, and environment do not change. In this case, per Equation 1, we can insist that the new
policy ~~ implement exactly the same mathematical function from observations to actions as the
old policy.

A simple example here would be adding more units to an internal fully-connected layer of the
model. Suppose that before the change, some part of the interior of the model contained an input
vector x (dimensiondy), which is transformed to an activation vectory = W;x + B (dimensiondy),
which is then consumed by another fully-connected layee = W5y + B, (dimension d,). We desire
to increase the dimension of ofy from dy to él\y. This causes the shapes of three parameter arrays
to change: W (from [dx; dy] to [dx; &]), B1 (from [dy] to [d}]), and W, (from [dy;d;] to [d}; d,]).

In this case we initialize the new variables in the rst layer as:

Wi= Bz o W= W, 0 ®)

Where R() indicates a random initialization. The initializations of W, and B; ensure that
the rst dy dimensions of activationsy will be the same data as the old activationsy, and the
remained will be randomized. The randomization ensures that symmetry is broken among the new
dimensions. The initialization of W,, on the other hand, ensures that the next layer will ignore
the new random activations, and the next layer's activations will be the same as in the old model;
2 = z. The weights which are initialized to zero will move away from zero due to the gradients, if
the corresponding new dimensions ity are useful to the downstream function.

Initializing neural network weights to zero is a dangerous business, because it can introduce
undesired symmetries between the indices of the output vector. However we found that in most
cases of interest, this was easy to avoid by only zero-ing the minimal set of weights. In the example
above, the symmetry is broken by the randomization oM/, and B}.

A more advanced version of this surgery was required when we wanted to increase the model
capacity dramatically, by increasing the hidden dimension of our LSTM from 2048 units to 4096
units. Because the LSTM state is recurrent, there was no way to achieve the separation present in
Equation 6; if we randomize the new weights they will impact performance, but if we set them to
zero then the new hidden dimensions will be symmetric and gradient updates will never di erentiate
them. In practice we set the new weights to random small values rather than randomize new
weight values on the same order of magnitude as the existing weights, we randomized new weights
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signi cantly smaller. The scale of randomization was set empirically by choosing the highest scale
which did not noticeably decrease the agent's TrueSkill.

Changing the Observation Space Most of our surgeries caused the observation space changes,
for example when we added 3 new oat observations encoding the time until neutral creeps, bounties,
and runes would spawn. In these cases it is impossible to insist that the new policy implement the
same function from observation space to action space, as the input domain has changed. However,
in some sense the input domain hasot changed; the game state is still the same. In reality our
system is not only a function :o! a; before the policy sees the observation arrays, an encoder
function E has turned a game states into an input array o:

(Game State Protobufs)! E (Observation Arrays o))  (Action a) @)

By adding new observations we are enhancing the encoder functidh, making it take the same
game state and simply output richer arrays for the model to consume. Thus in this case while we
cannot ensure that"» =, we can ensure the functions are identical if we go one step back:

8s "(E(s)= (E(9) (8)

When the change is simply additive, this can then be enforced as in the previous section. Suppose
the new observations extend a vectox from dimensiond, to dimension d, and the input vector x
is consumed by a weight matrixW viay = Wx (and y is then processed by the rest of the model
downstream). Then we initialize the new weightsW as:

W= w o (9)

As before, this ensures that the rest of the model is unchanged, as the output is unchanged
(¢ = y). The weights which are initialized to zero will move away from zero due to the gradients, if
the corresponding observations are found to be useful.

Changing the Environment or Action Space The second broad class of changes are those
which change the environment itself, either by making new actions available to the policy (e.g.
when we replaced scripted logic for the Buyback action with model-controlled logic) or by simply
changing the Dota 2 rules (for example when we moved to Dota 2 version 7.21, or when we added
new items). For some of these changes, such as upgrading Dota 2 version, we found simply making
the change on the rollout workers to be relatively stable; the old policy played well enough in the
new environment that it was able to smoothly adapt.

Even so, whenever possible, we attempted to anneal in these new features, starting with 0%
of rollout games played with the new environment or actions, and slowly ramping up to 100%.
This prevents a common problem where a change in one part of the agent's behavior could force
unnecessary relearning large portions of the strategy. For example, when we attempted to give the
model control of the Buyback action without annealing, the model-based control of the action was
(at rst) worse than the scripted version had been, causing the agent to adapt its overall strategies
to games where allies and enemies alike often misuse this action. This would cause the agent to
signi cantly drop in overall skill; while it would likely eventually recover, it may require repeating"”
the investment of a large amount of compute. By annealing the new action in gradually, we ensure
that the model never loses overall skill due to a sudden change of one part of the environment;
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when we observe the model losing TrueSkill during the annealing process, we revert and attempt
the anneal at a slower rate. This annealing process makes sense even if the environment is becoming
fundamentally harder" because our agent's skill is measured through winrates against other models;
the opponent also has to play in the new environment.

Removing Model Parts Requiring exact policy equivalence after the surgery outlaws many
types of surgery. For example, most surgeries which remove parameters are not possible in this
framework. For this reason our model continued to observe some deprecated observations, which
were simply always set to constants. Further work such as [24] has already begun to explore alternate
methods of surgery which avoid this constraint.

Smooth Training Restart The gradient moments stored by the Adam optimizer present a
nuisance when restarting training with new parameter shape. To ensure that the moments have
enough time to properly adjust, we use a learning rate of 0 for the rst several hours of training
after surgery. This also ensures that the distribution of rollout games has entered steady state by
the time we begin training in earnest.

One additional nuisance when changing the shape of the model is the entire history of parameters
which are stored (in the past opponent manager, see Appendix N), and used as opponents in rollouts.
Because the rollout GPUs will be running the newest code, all of these past versions must be updated
in the same way as the current version to ensure compatibility. If the surgery operation fails to
exactly preserve the policy function, these frozen past agents will forever play worse, reducing the
quality of the opponent pool. Therefore it is crucial to ensure agent behavior is unchanged after
surgery.

Bene ts of Surgery These surgeries primarily permitted us to have a tighter iteration loop for
these features. When we added a new game feature which we expect to only matter at high skill, it
would simply be impossible to test and iterate on it by training from scratch. Using surgery from
the current OpenAl Five, we could have a more feasible process, which allowed us to safely include
many minor features and improvements that otherwise would have been impossible to verify, such as
adding long-tail items (Bottle, Rapier), minor improvements to the observation space (stock counts,
modi ers on nonheroes), and others.

C Hyperparameters

The optimization algorithm has several important hyperparameters that have di erent settings
throughout the training process. Over the course of training of OpenAl Five, these hyperparam-
eters were modi ed by looking for improvement plateaus. Because of compute limitations which
prevented us from testing hyperparameter changes in separate experiments, OpenAl Five's long-
running training process included numerous experimental hyperparameter changes. Some of these
worked well and were kept, others were reverted as our understanding developed over the course of
the 10-month period. As it is impossible for us to scan over any of these hyperparameters when our
experiment is so large, we make no claim that the hyperparams used are optimal.

When we ran Rerun we simpli ed the hyperparameter schedule based on the lessons we had
learned. In the end we made changes to only four key hyperparameters:
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Iteration 0 15k 23k 43k 54k
Time (days) 0 13 20 33 42
TrueSkill 0 210 232 245 258
Team Spirit 0.3]0.8

GAE Horizon 180 secs | 360 secs
Entropy coe cient | 0.01 | 0.001
Learning Rate 5e-5 | 5e-6

Figure 7: Hyperparameter changes during Rerun. Changes are displayed in table-form on the left,
and called out in the trueskill vs iterations graph of the training run on the right. Each hyperpa-
rameter change was applied gradually over the course of 1-2 days, corresponding to several thousand
iterations (the reported time in the table is the start of the change). Our pre-planned schedule in-
cluded further changes to bring the experiment into line with OpenAl Five's nal hyperparameters
(Horizon to 840 sec, team spirit to 1.0, and learning rate to 1e-6), but Rerun reached OpenAl Five's
skill level before we reached those hyperparameters.

Learning Rate

Entropy penalty coe cient (see Appendix O)
Team Spirit (see Appendix G)

GAE time horizon (see Equation 3)

This schedule is far from optimized as it was used in only our second iteration of this large
experiment. In future work it could likely be signi cantly improved.

There are many other hyperparams that were not changed during the nal Rerun experiment.
Their values are listed in Table 2. Some of these were changed in the original OpenAl Five out of
necessity (e.g. batch size changed many times as more or less compute resources became available,
or SampleReuse changed as the relative speeds of di erent machine pools uctuated), and others
were changed experimentally in the original OpenAl Five run but were ultimately not important
as evidenced by Rerun working without those changes (e.g. increasing the time horizon from 360
seconds to 840 seconds).

D Evaluating agents' understanding

It is often dicult to infer the intentions of an RL agent. Some actions are obviously useful
hitting an enemy that is low on health, or freezing them as they're trying to escape but many
other decisions can be less obvious. This is tightly coupled with questions on intentionality: does
our agent plan on attacking the tower, or doe it opportunistically deal the most damage possible in
next few seconds?

To assess this, we attempt to predict future state of various features of the game from agent's
LSTM state:

Win probability : Binary label of either O or 1 at the end of the game.
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Param Rerun OpenAl Five Baseline
Frameskip® 4 4 4
LSTM Unroll length © 16 16 16
Samples Per Segmefit 16 16 16
Number of optimizer GPUs 512 48®% 1,536 64
Batch Size/optimizer GPU (samples) 120 1266 128 120
Total Batch Size (samples} 61,440 61,4489 196,608 7,680
Total Batch Size (timestepsy 983,040 983,049 3,145,728 122,880
Number of rollout GPUs 512 50% 1,440 64
Number of rollout CPUs 51,200 80,008 172,800 6,400
Steps per lteration 32 32 32
LSTM Size 4096 2048 4096 4096
Sample Reuse 1.0% 11 0.8 2.7 1.6 1.1
Team Spirit 0.3! 0.8 0.3! 1.0 0.3
GAE Horizon 180 secd 360 secs 60 seds 840 secs 180 secs
GAE 0.95 0.95 0.95
PPO clipping 0.2 0.2 0.2
Value loss weight 1.0 0:25% 1.0 1.0
Entropy coe cient 0.01! 0.001 0.01! 0.001 0.01
Learning rate 5e-5! 5e-6 5e-5% 1le-6 5e-5
Adam 0.9 0.9 0.9
Adam 0.999 0.999 0.999
Past opponent® 20% 20% 20%
Past Opponents Learning Raté 0.01 0.01 0.01

a Batch size can be measured in samples (each an unrolled LSTM of 16 frames) or in individual

timesteps.

b Fraction of games played against past opponents (as opposed to self-play).

©We normalize rewards using a running estimate of the standard deviation, and the value loss
weight is applied post-normalization.

d See Appendix N.

€ See Figure 8 for de nitions of the various timescale subdivisions of a rollout episode.

Table 2: Hyperparameters: The OpenAl Five and Rerun columns indicate what was done for
those individual experiments. For those which were modi ed during training, x ! vy indicates a
smooth monotonic transition (usually a linear change over one to three days), and $ y indicates a
less controlled variation due to either ongoing experimentation or distributed systems uctuations.
The Baseline indicates the default values for all the experiments in Appendix M (each individual
experiment used these hyperparameters other than any it explicitly studied, for example in sub-
section M.1 the batch size was changed from the baseline in each training run, but all the other
hyperparameters were from this table).
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Figure 8: Timescales and Staleness: The breakdown of a rollout game. Rather than collect an
entire game before sending it to the optimizers, rollout machines send data in shorter segments.
The segment is further subdivided into samples of 16 policy actions which are optimized together
using truncated BPTT. Each policy action bundles together four game engine frames.
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Net worth rank : Which rank among the team (1-5) in terms of total resources collected will

this hero be at the end of the game? This prediction is used by scripted item-buying logic
to decide which agents buy items shared by the team such as wards. In human play (which
the scripted logic is based on) this task is traditionally performed by heroes who will have the

lowest net worth at the end of the game.

Team objectives / enemy buildings : whether this hero will help the team destroy a given
enemy building in the near future.

We added small networks of fully-connected layers that transform LSTM output into predic-
tions of these values. For historical reasons, win probability passes gradients to the main LSTM
and rest of the agent with a very small weight; the other auxiliary predictions use Tensor ow's
stop_gradient method to train on their own.

One di culty in training these predictors is that we train our agent on 30-second segments of
the game (see Figure 8), and any given 30-second snippet may not contain the ground truth (e.g. for
win probability and networth position, we only have ground truth on the very last segment of the
game). We address this by training these heads in a similar fashion to how we train value functions.
If a segment contains the ground truth label, we use the ground truth label for all time steps in
that segment; if not, we use the model's prediction at the end of the segment as the label. For win
probability, for example, more precisely the labely for a segment from timet; to t, is given by:

8
<1 last segment of the game, we win
y=_20 last segment of the game, we lose (10)
¥(t2) else

Where ¥(t2) is the model's predicted win probability at the end of the segment. Although this
requires information to travel backward through the game, we nd it trains these heads to a degree
of calibration and accuracy.

For the team objectives, we are additionally interested in whether the event will happen soon.
For these we apply an additional discount factor with horizon of 2 minutes. This means that the
enemy building predictions are not calibrated probabilities, but rather probabilities discounted by
the expected time to the event.

D.1 Understanding OpenAl Five Finals

We used these supervised predictions to look closer at the game 1 from OpenAl Five Finals.

In Figure 9 we explore the progression of win probability predictions over the course of training
Rerun, illustrating the evolution of understanding. Version 5,000 of the agent (early in the training
process and low performance) already has a sense of what situations in the game may lead to
eventual win. The prediction continues to get better and better as training proceeds. This matches
human performance at this task, where even spectators with relatively little gameplay experience
can estimate who is ahead based on simple heuristics, but with more gameplay practice human
experts can estimate the winner more and more accurately.

On the winrate graph two dramatic game events are marked, at roughly the 5 and 18 minute
point. One of them illustrates OpenAl Five's win probability drop, due to an unexpected loss of 3
heroes in close succession. The other shows how the game turns from good to great as a key enemy
hero is killed.
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Figure 9: Win Probability prediction of game 1 of OpenAl Five Finals In red
we show the (OpenAl Five) agent's win probability prediction over the course of the
game (which can be viewed by downloading the replay fromhttps://openai.com/blog/
how-to-train-your-openai-five/ ). Marked are two signi cant events that signi cantly

a ected win probability prediction. At roughly 5 minutes in the human team killed several of Ope-
nAl Five's heroes, making it doubt its lead. At roughly 18 minutes in, OpenAl Five team Killed
three human heroes in a row, regrouped all their heroes at the mid lane, and marched on declaring
95% probability of victory. Versions 0-56k are progressive versions of Rerun agent predicting win
probabilities by replaying the same game; as we can see, prediction converges to that of the bot
that actually played the game (original OpenAl Five), despite training over self-play games from
separate training runs.
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Figure 10: Continuous prediction of destroying enemy buildings by OpenAl Five in Finals game
1. Predictions by di erent heroes di er as they speci cally predict whether they will participate in
bringing given building down. Predictions should not be read as calibrated probabilities, because
they are trained with a discount factor. See Figure 11a and Figure 11b for descriptions of the events
corresponding to two of these buildings.

We also looked at heroes participation in destroying objectives. In Figure 10 we can see di erent
heroes' predictions for each of the objectives in game 1 of OpenAl Five Finals. In several cases all
heroes predict they will participate in the attack (and they do). In few cases one or two heroes are
left out, and indeed by watching the game replay we see that those heroes are busy in the di erent
part of the map during that time. In Figure 11 we illustrate these predictions with more details for
two of the events.

D.2 Hero selection

In the normal game of Dota 2, two teams at the beginning of the game go through the process of
selecting heroes. This is a very important step for future strategy, as heroes have di erent skill sets
and special abilities. OpenAl Five, however, is trained purely on learning to play the best game of
Dota 2 possible given randomly selected heroes.

Although we could likely train a separate drafting agent to play the draft phase, we do not
need to; instead we can use the win probability predictor. Because the main varying observation
that agents see at the start of the game is which heroes are on each team, the win probability at
the start of the game estimates the strength of a given matchup. Because there are only 4,900,896
combinations of two 5-hero teams from the pool of 17 heroes, we can precompute agent's predicted
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