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Inspired by progress in large-scale language modeling, we apply a similar approach towards building a
single generalist agent beyond the realm of text outputs. The agent, whichwe refer to as Gato, works as a
multi-modal, multi-task, multi-embodiment generalist policy. The same network with the same weights
can play Atari, caption images, chat, stack blocks with a real robot arm and much more, deciding based
on its context whether to output text, joint torques, button presses, or other tokens. In this report we
describe the model and the data, and document the current capabilities of Gato.
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Figure 1 | A generalist agent. Gato can sense and act with different embodiments across a wide range of
environments using a single neural network with the same set of weights. Gato was trained on 604 distinct
tasks with varying modalities, observations and action specifications.
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Figure 2 | Training phase of Gato. Data from different tasks and modalities is serialized into a flat sequence
of tokens, batched, and processed by a transformer neural network akin to a large language model. Masking is
used such that the loss function is applied only to target outputs, i.e. text and various actions.

1. Introduction

There are significant benefits to using a single neural sequence model across all tasks. It reduces the
need for hand crafting policy models with appropriate inductive biases for each domain. It increases
the amount and diversity of training data since the sequence model can ingest any data that can be
serialized into a flat sequence. Furthermore, its performance continues to improve even at the frontier
of data, compute and model scale (Hoffmann et al., 2022; Kaplan et al., 2020). Historically, generic
models that are better at leveraging computation have also tended to overtake more specialized
domain-specific approaches (Sutton, 2019), eventually.

In this paper, we describe the current iteration of a general-purpose agent which we call Gato,
instantiated as a single, large, transformer sequence model. With a single set of weights, Gato can
engage in dialogue, caption images, stack blocks with a real robot arm, outperform humans at playing
Atari games, navigate in simulated 3D environments, follow instructions, and more.

While no agent can be expected to excel in all imaginable control tasks, especially those far outside
of its training distribution, we here test the hypothesis that training an agent which is generally capable
on a large number of tasks is possible; and that this general agent can be adapted with little extra data
to succeed at an even larger number of tasks. We hypothesize that such an agent can be obtained
through scaling data, compute and model parameters, continually broadening the training distribution
while maintaining performance, towards covering any task, behavior and embodiment of interest.
In this setting, natural language can act as a common grounding across otherwise incompatible
embodiments, unlocking combinatorial generalization to new behaviors.

We focus our training at the operating point of model scale that allows real-time control of
real-world robots, currently around 1.2B parameters in the case of Gato. As hardware and model
architectures improve, this operating point will naturally increase the feasible model size, pushing
generalist models higher up the scaling law curve. For simplicity Gato was trained offline in a purely
supervised manner; however, in principle, there is no reason it could not also be trained with either
offline or online reinforcement learning (RL).
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2. Model

The guiding design principle of Gato is to train on the widest variety of relevant data possible,
including diverse modalities such as images, text, proprioception, joint torques, button presses, and
other discrete and continuous observations and actions. To enable processing this multi-modal data,
we serialize all data into a flat sequence of tokens. In this representation, Gato can be trained and
sampled from akin to a standard large-scale language model. During deployment, sampled tokens
are assembled into dialogue responses, captions, button presses, or other actions based on the context.
In the following subsections, we describe Gato’s tokenization, network architecture, loss function,
and deployment.

2.1. Tokenization

There are infinite possible ways to transform data into tokens, including directly using the raw
underlying byte stream. Below we report the tokenization scheme we found to produce the best
results for Gato at the current scale using contemporary hardware and model architectures.

• Text is encoded via SentencePiece (Kudo and Richardson, 2018) with 32000 subwords into the
integer range [0, 32000).

• Images are first transformed into sequences of non-overlapping 16 × 16 patches in raster order,
as done in ViT (Dosovitskiy et al., 2020). Each pixel in the image patches is then normalized
between [−1� 1] and divided by the square-root of the patch size (i.e.

√
16 = 4).

• Discrete values, e.g. Atari button presses, are flattened into sequences of integers in row-major
order. The tokenized result is a sequence of integers within the range of [0� 1024).

• Continuous values, e.g. proprioceptive inputs or joint torques, are first flattened into sequences
of floating point values in row-major order. The values are mu-law encoded to the range [−1� 1]
if not already there (see figure 13 for details), then discretized to 1024 uniform bins. The
discrete integers are then shifted to the range of [32000� 33024).

After converting data into tokens, we use the following canonical sequence ordering.

• Text tokens in the same order as the raw input text.
• Image patch tokens in raster order.
• Tensors in row-major order.
• Nested structures in lexicographical order by key.
• Agent timesteps as observation tokens followed by a separator, then action tokens.
• Agent episodes as timesteps in time order.

Further details on tokenizing agent data are presented in the supplementary material (Section B).

2.2. Embedding input tokens and setting output targets

After tokenization and sequencing, we apply a parameterized embedding function 5 (·; \4) to each
token (i.e. it is applied to both observations and actions) to produce the final model input. To enable
efficient learning from our multi-modal input sequence A1:! the embedding function performs different
operations depending on the modality the token stems from:

• Tokens belonging to text, discrete- or continuous-valued observations or actions for any time-
step are embedded via a lookup table into a learned vector embedding space. Learnable position
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encodings are added for all tokens based on their local token position within their corresponding
time-step.

ˆ Tokens belonging to image patches for any time-step are embedded using a single ResNet (He
et al., 2016a) block to obtain a vector per patch. For image patch token embeddings, we also
add a learnable within-image position encoding vector.

We refer to appendix section C.3 for full details on the embedding function.

As we model the data autoregressively, each token is potentially also a target label given the
previous tokens. Text tokens, discrete and continuous values, and actions can be directly set as targets
after tokenization. Image tokens and agent observations are not currently predicted in Gato, although
that may be an interesting direction for future work. Targets for these non-predicted tokens are set to
an unused value and their contribution to the loss is masked out.

2.3. Training

Given a sequence of tokensA1: ! and parameters\ , we model the data using the chain rule of probability:

log >\ ¹A1” “ “ “ ” A! º =
!Õ

:=1

log >\ ¹A: jA1” “ “ “ ” A:� 1º” (1)

Let 1 index a training batch of sequencesB. We de�ne a masking function ; such that ; ¹1” Bº = 1 if
the token at index Bis either from text or from the logged action of an agent, and 0 otherwise. The
training loss for a batch B can then be written as

L¹ \” Bº = �
jB jÕ

1=1

!Õ

:=1

; ¹1” Bº log >\

�
A¹1º
: jA¹1º

1 ” “ “ “ ” A¹1º
:� 1

�
(2)

As described above, Gato's network architecture has two main components: the parameterized
embedding function which transforms tokens to token embeddings, and the sequence model which
outputs a distribution over the next discrete token. While any general sequence model can work for
next token prediction, we chose a transformer (Vaswani et al., 2017) for simplicity and scalability.
Gato uses a 1.2B parameter decoder-only transformer with 24 layers, an embedding size of 2048,
and a post-attention feedforward hidden size of 8196 (more details in Section C.1).

Because distinct tasks within a domain can share identical embodiments, observation formats
and action speci�cations, the model sometimes needs further context to disambiguate tasks. Rather
than providing e.g. one-hot task identi�ers, we instead take inspiration from (Brown et al., 2020;
Sanh et al., 2022; Wei et al., 2021) and use prompt conditioning. During training, for 25% of the
sequences in each batch, a prompt sequence is prepended, coming from an episode generated by the
same source agent on the same task. Half of the prompt sequences are from the end of the episode,
acting as a form of goal conditioning for many domains; and the other half are uniformly sampled
from the episode. During evaluation, the agent can be prompted using a successful demonstration of
the desired task, which we do by default in all control results that we present here.

Training of the model is performed on a 16x16 TPU v3 slice for 1M steps with batch size 512
and token sequence length! = 1024, which takes about 4 days. Architecture details can be found
in Section C. Because agent episodes and documents can easily contain many more tokens than �t
into context, we randomly sample subsequences of! tokens from the available episodes. Each batch
mixes subsequences approximately uniformly over domains (e.g. Atari, MassiveWeb, etc.), with some
manual upweighting of larger and higher quality datasets (see Table 1 in Section 3 for details).
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Figure 3 j Running Gato as a control policy. Gato consumes a sequence of interleaved tokenized
observations, separator tokens, and previously sampled actions to produce the next action in standard
autoregressive manner. The new action is applied to the environment � a game console in this illustration, a
new set of observations is obtained, and the process repeats.

2.4. Deployment

Deploying Gato as a policy is illustrated in Figure 3. First a prompt, such as a demonstration, is
tokenized, forming the initial sequence. Next the environment yields the �rst observation which
is tokenized and appended to the sequence. Gato samples the action vector autoregressively one
token at a time. Once all tokens comprising the action vector have been sampled (determined by
the action speci�cation of the environment), the action is decoded by inverting the tokenization
procedure described in Section 2.1. This action is sent to the environment which steps and yields a
new observation. The procedure repeats. The model always sees all previous observations and actions
in its context window of 1024 tokens. We found it bene�cial to use transformer XL memory during
deployment, although it was not used during training (Dai et al., 2019).

3. Datasets

Gato is trained on a large number of datasets comprising agent experience in both simulated and real
world environments, as well as a variety of natural language and image datasets. The datasets we
use and their attributes are listed in Table 1. The approximate number of tokens per control dataset
is computed assuming the tokenization mechanism described in Section 2.1.

3.1. Simulated control tasks

Our control tasks consist of datasets generated by specialist SoTA or near-SoTA reinforcement learning
agents trained on a variety of di�erent environments. For each environment we record a subset of
the experience the agent generates (states, actions, and rewards) while it is training.

The simulated environments include Meta-World (Yu et al., 2020) introduced to benchmark
meta-reinforcement learning and multi-task learning, Sokoban (Racanière et al., 2017) proposed as
a planning problem, BabyAI (Chevalier-Boisvert et al., 2018) for language instruction following in
grid-worlds, the DM Control Suite (Tunyasuvunakool et al., 2020) for continuous control, as well as
DM Lab (Beattie et al., 2016) designed to teach agents navigation and 3D vision from raw pixels with
an egocentric viewpoint. We also use the Arcade Learning Environment (Bellemare et al., 2013) with
classic Atari games (we use two sets of games that we call ALE Atari and ALE Atari Extended, see
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Table 1 j Datasets. Left: Control datasets used to train Gato. Right: Vision & language datasets. Sample
weight means the proportion of each dataset, on average, in the training sequence batches.

Control environment Tasks Episodes
Approx.
Tokens

Sample
Weight

DM Lab 254 16.4M 194B 9.35%
ALE Atari 51 63.4K 1.26B 9.5%
ALE Atari Extended 28 28.4K 565M 10.0%
Sokoban 1 27.2K 298M 1.33%
BabyAI 46 4.61M 22.8B 9.06%
DM Control Suite 30 395K 22.5B 4.62%
DM Control Suite Pixels 28 485K 35.5B 7.07%
DM Control Suite Random Small 26 10.6M 313B 3.04%
DM Control Suite Random Large 26 26.1M 791B 3.04%
Meta-World 45 94.6K 3.39B 8.96%
Procgen Benchmark 16 1.6M 4.46B 5.34%
RGB Stacking simulator 1 387K 24.4B 1.33%
RGB Stacking real robot 1 15.7K 980M 1.33%
Modular RL 38 843K 69.6B 8.23%
DM Manipulation Playground 4 286K 6.58B 1.68%
Playroom 1 829K 118B 1.33%
Total 596 63M 1.5T 85.3%

Vision / language dataset
Sample
Weight

MassiveText 6.7%
M3W 4%
ALIGN 0.67%
MS-COCO Captions 0.67%
Conceptual Captions 0.67%
LTIP 0.67%
OKVQA 0.67%
VQAV2 0.67%
Total 14.7%

Section F.1 for details). We as well include the Procgen Benchmark (Cobbe et al., 2020) and Modular
RL (Huang et al., 2020). We also include four tasks using a simulated Kinova Jaco arm from DM
Manipulation Playground, as introduced in Zolna et al. (2020). Section F includes a more in-depth
description of these control tasks, along with what RL agent was used to generate the data.

We found it e�ective to train on a �ltered set of episodes with returns at least 80% of the expert
return for the task. The expert return measures the maximum sustained performance that the expert
agent can achieve. We de�ne it as the maximum over the set of all windowed average returns
calculated over all the collected episodes for a task:

max
82»0”1”“““”#� , ¼

 
8̧ ! � 1Õ

7=8

' 7

,

!

where # it the total number of collected episodes for the task, , is the window size, and ' 7 is the
total return for episode 7. To obtain accurate estimates, in practice, we set, to be 10% of the total
data amount or a minimum of 1000 episodes (i.e. , = min ¹1000”0“1 � # º).

3.2. Vision and language

Gato is trained on MassiveText (Rae et al., 2021), a collection of large English-language text datasets
from multiple sources: web pages, books, news articles, and code.

We also included several vision-language datasets in Gato's training. ALIGN (Jia et al., 2021)
consists of 1.8B images and their alternative text (alt-text) annotations. LTIP (Long Text & Image Pairs),
consists of 312 million images with captions (Alayrac et al., 2022). Conceptual captions (Sharma et al.,
2018) and COCO captions (Chen et al., 2015) are captioning datasets with 3.3M and 120k image-text
pairs respectively. The MultiModal MassiveWeb (M3W) dataset (Alayrac et al., 2022) includes 43M
webpages where both text and images were extracted. We also included visual question-answering
datasets. In particular OKVQA (Marino et al., 2019) and VQAv2 (Antol et al., 2015) with 9K and
443K triplets of images, questions, and answers. To form a training episode from these, we sample
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Figure 4 j RGB Stacking environment with the Sawyer robot arm. Blocks vary along several shape axes,
with 5 held out test triplets. The goal is to stack red on blue, ignoring green.

�ve (image, text) pairs, tokenize them, concatenate, and then pad or randomly crop to the required
training sequence length.

3.3. Robotics - RGB Stacking Benchmark (real and sim)

As a testbed for taking physical actions in the real world, we chose the robotic block stacking
environment introduced by Lee et al. (2021). The environment consists of a Sawyer robot arm with
3-DoF cartesian velocity control, an additional DoF for velocity, and a discrete gripper action. The
robot's workspace contains three plastic blocks colored red, green and blue with varying shapes. The
available observations include two 128 � 128 camera images, robot arm and gripper joint angles as
well as the robot's end-e�ector pose. Notably, ground truth state information for the three objects in
the basket is not observed by the agent. Episodes have a �xed length of 400 timesteps at 20 Hz for a
total of 20 seconds, and at the end of an episode block positions are randomly re-positioned within
the workspace. The robot in action is shown in Figure 4. There are two challenges in this benchmark:
Skill Mastery (where the agent is provided data from the 5 test object triplets it is later tested on) and
Skill Generalization(where data can only be obtained from a set of training objects that excludes the
5 test sets).

We used several sources of training data for these tasks. In Skill Generalization, for both simulation
and real, we use data collected by the best generalist sim2real agent from Lee et al. (2021). We
collected data only when interacting with the designated RGB-stackingtraining objects(this amounts
to a total of 387k successful trajectories in simulation and 15k trajectories in real). For Skill Mastery
we used data from the best per group experts from Lee et al. (2021) in simulation and from the best
sim2real policy on the real robot (amounting to 219k trajectories in total). Note that this data is only
included for speci�c Skill Mastery experiments in Section 5.4.

4. Capabilities of the generalist agent

In this section, we summarize the performance of Gato when trained on the above described data.
That is, all results across all tasks are derived from a single pretrained model with a single set of
weights. Results with �ne-tuning will be presented in Section 5.

4.1. Simulated control tasks

Figure 5 shows the number of distinct control tasks for which Gato performs above a given score
threshold, relative to expert performance demonstrated in Gato's training data.
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Figure 5 j Gato's performance on simulated control tasks. Number of tasks where the performance of the
pretrained model is above a percentage of expert score, grouped by domain. Here values on the x-axis
represent a speci�c percentage of expert score, where 0 corresponds to random agent performance. The y-axis
is the number of tasks where the pretrained model's mean performance is equal to or above that percentage.
That is, the width of each colour band indicates the number of tasks where Gato's mean performance is above
a percentage of the maximum score obtained by a task-speci�c expert.

We report performance as a percentage, where100% corresponds to the per-task expert and
0% to a random policy. For each simulated control task we trained our model on, we roll out the
Gato policy on the corresponding environment 50 times and average the de�ned scores. As shown in
Figure 5, Gato performs over 450 out of 604 tasks at over a50% expert score threshold.

In ALE Atari (Bellemare et al., 2013) Gato achieves the average human (or better) scores for 23
Atari games1, achieving over twice human score for 11 games. While the single-task online RL agents
which generated the data still outperform Gato, this may be overcome by adding capacity or using
o�ine RL training rather than purely supervised (see Section 5.5 where we present a specialist single
domain ALE Atari agent achieving better than human scores for 44 games).

On BabyAI (Chevalier-Boisvert et al., 2018) Gato achieves over 80% of expert score for nearly
all levels2. For the most di�cult task, called BossLevel, Gato scores 75%. The two other published
baselines we could �nd, BabyAI 1.0 and BabyAI 1.1 (Hui et al., 2020), scored 77% and 90%,
respectively, having trained on this single task alone using a million demonstrations.

On Meta-World (Yu et al., 2020) Gato achieves more than 50% for all 44 out of 45 tasks that we
trained on, over 80% for 35 tasks, and over 90% for 3 tasks. On canonical DM Control Suite (Tassa
et al., 2018), Gato achieves better than 50% of the expert score on 21 out of 30 tasks from state, and
more than 80% for 18 tasks.

4.2. Robotics

First person teleoperation enables the collection of expert demonstrations. However, such demonstra-
tions are slow and costly to collect. Data-e�cient behavior cloning methods are therefore desirable

1The full list of games: Assault, Atlantis, Bank heist, Battle zone, Bowling, Crazy climber, Defender, Fishing derby,
Gopher, Hero, Ice hockey, Jamesbond, Kangaroo, Kung fu master, Name this game, Pong, Road runner, Robotank, Tennis,
Time pilot, Up n down, Wizard of wor, Zaxxon.

2The only three tasks below 80% success rate are GoToImpUnlock (59%), Unlock (74%), and BossLevel (75%).
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Table 2 j Gato real robot Skill Generalization results. In addition to performing hundreds of other tasks,
Gato also stacks competitively with the comparable published baseline.

Agent Group 1 Group 2 Group 3 Group 4 Group 5 Average

Gato 24.5 % 33% 50.5 % 76.5% 66.5 % 50.2 %
BC•IMP (Lee et al . , 2021) 23% 39.3 % 39.3% 77.5 % 66% 49%

for training a generalist robot manipulator and o�ine pretraining is thus a well-motivated area of
research. To that end, we evaluated Gato on the established RGB Stacking benchmark for robotics.

Skill Generalization Performance

The Skill Generalization challenge from the RGB Stacking robotics benchmark tests the agent's ability
to stack objects of previously unseen shapes. The agent is trained on a dataset consisting of episodes of
the robot stacking objects with a variety of di�erent shapes. Five triplets of object shapes are, however,
not included in the training data and serve as test triplets. We evaluated the trained generalist for
200 episodes per test triplet on the real robot. Table 2 shows that our generalist agent's success rate
on each test triplet is comparable to the single task BC-IMP (�ltered BC) baseline in Lee et al. (2021).

4.3. Text samples

The model demonstrates rudimentary dialogue and image captioning capabilities. Figure 6 contains a
representative sample of Gato's image captioning performance. Figure 7 shows some hand-picked
examples of plain text dialogue exchange.

5. Analysis

5.1. Scaling Laws Analysis

In Figure 8, we analyze the aggregate in-distribution performance of the pretrained model as a
function of the number of parameters in order to get insight into how performance could improve
with increased model capacity. We evaluated 3 di�erent model sizes (measured in parameter count):
a 79M model, a 364M model, and a 1.18B model (Gato). We refer to Section C for details on the
three model architectures.

Here, for all three model sizes we plot the normalized return as training progresses. To get this
single value, for each task we calculate the performance of the model as a percentage of expert
score (the same as done in Section 4.1). Then for each domain listed in Table 1 we average the
percentage scores across all tasks for that domain. Finally, we mean-aggregate the percentage scores
across all domains. We can see that for an equivalent token count, there is a signi�cant performance
improvement with increased scale.

5.2. Out of distribution tasks

In this section we want to answer the following question: Can our agent be used to solve a com-
pletely new task e�ciently? For this reason, we held-out all data for four tasks from our pre-
training set: cartpole.swingup (DM Control Suite domain), assembly-v2 (Meta-World domain),
order_of_apples_forage_simple (DM Lab domain), and boxing (ALE Atari domain). These
four tasks will serve as testbeds for evaluating the out-of-distribution capabilities of Gato.
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Figure 6 j Image captions generated by Gato. Gato prompted to be an image captioner, describing the �rst
several held-out images from MS-COCO. We report the �rst three captions sampled using temperature 0.9,
without cherry-picking. The prompt is shown in the appendix.

Figure 7 j Chitchat with Gato. Dialogues with Gato when it is prompted to be a chat bot. Usually Gato replies
with a relevant response, but is often super�cial or factually incorrect, which could likely be improved with
further scaling. We used the same prompt as in Rae et al. (2021).
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