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Abstract

We examine the capability of Multimodal Large Language
Models (MLLMs) to tackle diverse domains that extend be-
yond the traditional language and vision tasks these models
are typically trained on. Specifically, our focus lies in areas
such as Embodied Al, Games, Ul Control, and Planning.
To this end, we introduce a process of adapting an MLLM
to a Generalist Embodied Agent (GEA). GEA is a single
unified model capable of grounding itself across these var-
ied domains through a multi-embodiment action tokenizer.
GEA is trained with supervised learning on a large dataset
of embodied experiences and with online RL in interactive
simulators. We explore the data and algorithmic choices
necessary to develop such a model. Our findings reveal
the importance of training with cross-domain data and on-
line RL for building generalist agents. The final GEA model
achieves strong generalization performance to unseen tasks
across diverse benchmarks compared to other generalist
models and benchmark-specific approaches.

1. Introduction

Foundation Models have demonstrated broad capabilities
across language and image understanding tasks [5, 16, 30,
33,42,43, 45, 46, 51, 58, 66, 95, 103]. In particular, Mul-
timodal LLMs (MLLMSs) — multimodal foundation models
trained on vast amounts of textual and image data — excel at
tasks that are natural to their text and image training modal-
ities. As an extension of MLLMs, Vision-Language-Action
models have been successfully applied in robotics and em-
bodied Al [3, 11, 18, 80], as well as agents for the web
[27,37,75, 102] and user interface (UI) control [28, 68, 89].

These applications have demonstrated that MLLMs can
be successfully applied to diverse domains for the purpose
of controlling various embodiments like robots, playing
games, and controlling devices via Uls. As many of these
domains share similarities, it is natural to ask how a single
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Figure 1. The Generalist Embodied Agent (GEA) is a multimodal
LLM-based agent that can complete tasks from natural language
instructions across a variety of domains and embodiments span-
ning manipulation, planning, game playing, and UI control. A
pretrained MLLM is finetuned with supervised finetuning (SFT)
on a large dataset of embodied experiences. The final GEA model
is then finetuned with reinforcement learning (RL). GEA achieves
competitive results in generalization to unseen settings.

agent can be trained to be generally proficient in all of these
domains. This is a challenging problem as many of these
tasks require physics and geometric reasoning, their embod-
iments are either static or share morphologies via a mobile
manipulator, their applications require long-horizon plan-
ning, and many are partially observable and require reason-
ing over long sequences of observations. In addition, train-
ing with combined data across domains with these similar-
ities may yield cross-domain benefits, where a single agent
may outperform agents trained on individual domains.

In this work, we demonstrate an approach for adapting
an MLLM into a single Generalist Embodied Agent (GEA)
to solve a vast number of tasks across diverse domains span-
ning manipulation, navigation, video game playing, and Ul
control. To enable GEA to control diverse embodiments,
we learn a unified learned tokenization mechanism across
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all continuous and discrete action spaces. As Figure 1 il-
lustrates, we then employ supervised finetuning (SFT) [87]
to adapt a pretrained MLLM to predict actions from trajec-
tories of agents successfully completing tasks. This SFT
dataset spans over 2.2 million trajectories from diverse col-
lection methods like human labelers or learned policies.
While this SFT process produces a capable agent, it suffers
from an inherent lack of data, specifically data diversity, and
rarely exhibits robustness to mistakes. We thus also train
GEA with a second stage of online reinforcement learning
(RL) training over a subset of the domains where the agent
collects and learns from data in interactive simulators.

We demonstrate that GEA exhibits strong generalist
capabilities. Specifically, it reaches state-of-the-art perfor-
mance across many benchmarks against other generalist
agents and even outperforms or closely matches bespoke
specialist systems. For example, in the CALVIN manipula-
tion benchmark [60], GEA reaches 90% success rate while
operating on unseen instructions and background, which is
nearly 10% higher than similar methods [48] and closely
matches the performance of specialist systems [35]. In a
Habitat mobile pick task [78], GEA achieves 83% success
in unseen scenes, outperforming a policy trained with RL
on the ground truth simulator state. Similarly, in Procgen
video games [15] GEA reaches 44% of expert score, which
is almost 20% higher than prior specialist [59] models.

We also analyze the relationship between the generalist
capabilities of GEA and its training data and base MLLM.
We demonstrate that training on the combined data from
a diverse set of domains for SFT provides a cross-domain
performance boost over using only per-domain data. Fi-
nally, we explore the role of RL and online data collection
for building generalist agents and empirically demonstrate
the benefits of online RL over prior approaches of iterative
SFT or offline RL.

2. Related Work

Prior works have explored building generalist agents by
training policies on large multi-task datasets, illustrating
the importance of scaling interactive data to create capable
multi-task agents [20, 69, 88]. Additionally, prior works
have studied new architectures for generalist agents [24,
86], while others focus on applying generalist agents to
robotic contexts [9, 10, 83]. Some research also investigates
generalist models in domain-specific benchmarks [34, 82]
or in cross-embodiment scenarios [17, 65]. Like GEA, these
approaches leverage extensive data, yet our work empha-
sizes the importance of adapting a pretrained MLLM via
both finetuning and online RL. For example, differences be-
tween GEA and Gato [69], are that GEA leverages RL, uti-
lizes a pretrained MLLM, learns a multi-embodiment action
tokenizer, and focuses on evaluating generalization to new
task settings. As a result, GEA empirically outperforms

Gato in many settings.

Like GEA, some prior work focuses on adapting
MLLMs as agents. Works have proposed domain-specific
pipelines for using the zero-shot capabilities of MLLM:s for
decision-making [3, 31, 50, 85, 91, 100], while our work
focuses on finetuning MLLMs. Other works investigate
schemes for finetuning MLLMs for decision-making and
the benefits of doing so, but also in the context of specific
domains [48, 76, 80, 81]. Prior work also finetunes MLLMs
as generalist agents [11, 36, 63]. However, our work shows
results across more diverse domains and studies the impor-
tance of supervised learning with multi-domain data and RL
finetuning. Architecturally, GEA is different from Open-
VLA [36] in that it uses a learned multi-embodiment ac-
tion tokenizer as opposed to a uniform discretization, which
prior work has demonstrated to perform better [81]. More-
over, works have explored the value of finetuning MLLMs
as Ul agents [4, 19, 23, 62, 97]. While GEA explores adapt-
ing MLLMs as policies, there are also other ways to lever-
age MLLMs such as via reward models [55, 56], world
models [90], or environment generation [94].

More broadly, prior work has demonstrated how LLMs
can be used for agents that can reason and interact.
Various works focus on training LLM agents through
specific pipelines [101]. Similar to how GEA finetunes for
decision-making capabilities not present in the base LLM,
other works demonstrate the value of finetuning LLMs for
reasoning and problem-solving capabilities [77, 92]. Prior
works also demonstrate the value of finetuning LLMs with
self-generated data [54], mistakes from the LLM [74], and
with RL [39]. Likewise, GEA shows the importance of
using such RL training, beyond just supervised learning, to
create a capable agent.

3. Generalist Embodied Agent
3.1. Problem Settings

We focus on language-specified tasks with visual observa-
tions. Specifically, we consider the goal-specified Partially-
Observable Markov Decision Processes (POMDPs) [8] with
observation space O, action space .4, goal space G, and a
reward model R. For brevity, we omit other elements of
the MDP. In our settings, G is represented by a textual de-
scription of the task to solve. Observations consist of RGB
images from the agent, which can either be from an agent
camera in the case of embodied Al applications or screen-
shots in the case of video games or Ul interactions.

We consider a diverse set of environment types, which
we refer to as domains (see Table | for examples). These
domains specify a diverse set of action spaces spanning var-
ious robotic control spaces, high-level primitives, and com-
puter UI interfaces. Our goal is to learn one policy that
operates over a number of environments, which we denote

10645



Navigation

Video Games Ul Control

Discrete

Control E

Jump, left Tap 23 47

Static Manipulation

Static Manipulati

Continuous =
Control

Delta joint position

Joint velocity

Forward, left

‘move left”

‘

( LLM Tokenizer J

|

[278, 276]

dx dy dz

( Residual VQ-VAE Encoder J

b

8, 73]

Action for

Truncate for
Environment environment [Multi-Embodiment Action
on < a < -
‘ t L De-Tokenizer
( Unified Token k,l k,z k,M
Output Space

f t 1

!

! !

Agent: Fetch mobile robot. Actions: delta

joint control... Instruction: pick an apple
Observation Histor

7y
k!

*

M-1
kz

Visual Bridge
& N —> Vlsual Encoder O GEA Component

y

Figure 2. GEA utilizes a pretrained MLLM together with a multi-embodiment action tokenizer to enable a generalist agent to operate across
a wide range of domains, embodiments, and action spaces. GEA takes as input information about the embodiment and desired task with the
embodiment prompt and instruction and the observation visuals (bottom). It produces a sequence of action tokens in the LLM vocabulary,
which are decoded by the multi-embodiment action detokenizer into an action for the appropriate embodiment and action space.

by M; = (0;, A;, G;, R;) for each environment i € £.
3.2. GEA Architecture

The Generalist Embodied Agent (GEA) performs tasks by
producing actions that are executed in an environment con-
ditioned on observations, past actions, and a task descrip-
tion. More formally, for timestep ¢ in environment M, the
GEA model takes as input an environment specific prompt
P;, followed by a task instruction I € G; and up to c inter-
leaved previous observations and actions 04—, G¢—c, - . . , O¢
from O; and A;. From these inputs, the GEA model pre-
dicts action a; € A; to execute in the environment. The
prompt provides information about the environment and
embodiment to control. The task instruction is a natural
language description of the task the agent is to execute.

Multi-Embodiment Action Tokenizer. We study Gen-
eralist Embodied Agent (GEA) adapted from an MLLM. As
MLLMs naturally consume only text and images and gen-
erate only text, we follow the findings of Szot et al. [81] to
modify the LLM vocabulary to represent actions. First, we
represent all actions across {M;}, i € &£ with two vocab-
ularies: Vj for discrete actions and V., for continuous
actions, so that the final vocabulary is V' = Vjise U Veont-
A discrete action is described by language, and then this
language is tokenized into a sequence of text tokens repre-
senting this action. V. is defined as all such text token
sequences representing the discrete actions.

As continuous actions are not readily expressed as text,
we use a learned action tokenizer that maps each continuous
action into a sequence of new tokens, whose vocabulary we
denote by V,on. Details of how we train this tokenizer are in

Section 4.2. We replace the |V.on| most infrequently used
tokens in the original LLM vocabulary with Vop.

4. Training

GEA starts from a base MLLM and first trains a continu-
ous action tokenizer. As depicted in Figure 3, the MLLM
is adapted to GEA-Base by supervised finetuning on em-
bodied experiences. Next, GEA-Base is adapted to the full
GEA model through supervised and reinforcement learning.

4.1. Base MLLM

The primary consideration for selecting a base model be-
yond its inherent vision-language strength is its ability to
scale to long contexts as embodied data consists of long tra-
jectories of interleaved observations and actions. We thus
build GEA off LLaVA-OneVision [44], a model specifically
trained to handle sequences of images through interleaved
image/text pairs and videos which extends to GEA operat-
ing over a history of observations.

4.2. Continuous Multi-Embodiment Tokenizer

To obtain a vocabulary Vo, for continuous actions and
a tokenizer/de-tokenizer for these actions, we follow Szot
et al. [81] and train a Residual VQ-VAE (RVQ) [40] model
over action vectors. The RVQ model is a variational au-
toencoder that leverages a sequence of discrete embeddings
to represent the data. Specifically, it encodes an action a
as a sequence of M tokens kj(a),...,ky(a), where each
token denotes a code from a learned vocabulary V!, for

cont?
m € 1,...,M. A key feature of RVQ is that the m™"
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Figure 3. GEA training stages. First,a MLLM is adapted to GEA-
Base by finetuning the entire MLLM with SFT on interactive data.
Next, GEA-Base is finetuned jointly with online RL (PPO) and
SFT on the original data with LoRA.

vocabulary is trained to encode the residual of the action
after it has been encoded with vocabularies 1,...,m — 1.
This hierarchical encoding makes RVQ effective in pre-
cisely representing continuous actions with a minimal num-
ber of discrete tokens. The final continuous action vocab-
ulary used by GEA is the union of the RVQ vocabularies
Veont = Um Veont:

The main distinction from Szot et al. [81] is that we train
a single tokenizer/de-tokenizer across all continuous action
spaces. As shown in Table I, these spaces cover a variety
of robotic control types, including end-effector, joint veloc-
ity, and joint position control. To facilitate training a unified
RVQ, we pad all action vectors to the maximum action di-
mension. During inference, we decode the predicted action
tokens and then truncate the output to match the dimension-
ality of the specific embodiment’s action space. We use 2
codebooks each with 512 tokens and a token vector dimen-
sion of 1024. Additional details on action tokenization are
in Appendix A.

4.3. Stage 1: Supervised-Instruction Finetuning

The first step of GEA is to use supervised-instruction
finetuning (SFT) to adapt the base MLLM for embodied
decision-making (left side of Fig. 3). We use a collection
D = |J;c¢ Di of demonstration datasets from all environ-
ments £. During this stage, we use a standard cross-entropy
loss over actions in the case of interactive data or responses
in the case of vision-language data. As is typically done in
MLLM training, we maximize the negative log-likelihood
of predicting these output tokens for each example:

Lsrr(D) = — Z log p(a¢| P, 1, 0i—c,Qt—c,-..,01) (1)
(I,0t—c:t,at—c:t)ED
We then train the base MLLM over all the above datasets
with SFT to obtain the GEA-Base model.

Training Details. The entire GEA-Base model is ini-
tialized from the base MLLM. We train for 75k updates us-
ing AdamW [53] with cosine learning rate decay and lin-
ear learning rate warmup for the first 10% of training steps;
learning rate of 1e~?; global batch size of 256 and an ob-
servation context length of ¢ = 3. Training takes around 2
days on 8 nodes of 8xH100 GPUs (see Appendix B).

4.4. Stage 2: Online Reinforcement Learning

While the previously described SFT training process pro-
duces a capable GEA-Base agent, it is only trained on a
limited set of expert trajectories, which rarely demonstrate
diverse behaviors like error recovery. Hence, we propose
to utilize online RL for some of the environments. In a
second stage of training, we continue to train GEA-Base
with RL in addition to SFT to obtain the final GEA model
(right side of Fig. 3). For online RL, we train the GEA-Base
agent with PPO [72], whose optimization loss is denoted by
Lppo (M) for each environment in which we have a simu-
lator i € Eppo C €. We combine this objective with the SFT
objective from Eq. (1) to obtain the final GEA objective:

Lcea = Z Lppo(M;) + A Z Lsrr(D;) (2)

1€Eppo €€

where we weight the SFT loss by A = 0.1 to emphasize
the RL loss. This RL+SFT training stage on the GEA-Base
model produces the final model we refer to as GEA.

PPO Details. The GEA value function for RL is an MLP
network which is initialized from scratch. It takes as input
the MLLM final layer activations at the observation token
step just before the action tokens and an average pooled
representation of the visual embeddings from the MLLM
vision encoder. The critic also optionally takes any privi-
leged state information about the task since the critic is only
used during training, and not during inference.

To stabilize RL training across numerous environments,
we use PopArt [84] return normalization to account for
the diverse reward distributions across these environments.
Since the output space of the LLM can consist of many pos-
sible tokens, we use constrained decoding to force the au-
toregressive action sampling to be within the action space
for the environment. For continuous action tasks, this
amounts to constraining the output to the learned contin-
uous action tokens. For the discrete control tasks this
amounts to constraining the output to the valid language ac-
tions (for example, “pick apple” or “right”). To account for
differences in the valid distribution of actions per environ-
ment, we normalize the entropy for PPO so a single entropy
coefficient can apply to all tasks.

Training Details. Since GEA-Base already obtains
some success, and RL introduces GPU memory overhead
via environments simulated on the GPU, we use LoRA [29]
to finetune the LLM while freezing all other components.
All environments use a rollout length of 128, a learning rate
of 3e~4, an entropy coefficient of 1e~*, and a value func-
tion learning loss of 1.5¢~*. RL finetuning uses 8 nodes
of 8xH100 GPUs with 4 parallel environments per GPU.
Environments are partitioned per node into 3 of the GPUs
running HabPick, 3 running Procgen, and 2 running LangR.
The SFT per-device batch size is 2. We train for 100M cu-
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Dataset Name Domain Action Type Embodiment Type # Trajs Data Source
OpenX [63] Static Manip Cont. Various 22 Various Robots 1.2M Various
Meta-World [98] Static Manip. Cont. EE+Gripper Sawyer 45k Scripted
CALVIN [60] Static Manip. Cont. EE+Gripper Franka Arm 18k Human
Maniskill [22] Static Manip. Cont. Joint Velocity ROKAE xMate3Pro Sk Motion Planner
Habitat Pick [78] Mobile Manip. Cont. Joint Position + Base Fetch 50k RL Expert
Habitat Place [78] Mobile Manip.  Cont. Joint Position+Base Fetch 50k RL Expert
Habitat Nav [78] Navigation Cont. Velocity Fetch 13k Shortest Path
BabyAl [14] Navigation Discrete Virtual 50k Shortest Path
LangR [80] Planning Discrete Fetch 150k RL Expert
Procgen [15] Video Games Discrete Virtual 320k RL Expert
Atari [7] Video Games Discrete Virtual 286k RL Expert
AndroidControl [47] UI Control Mixed Virtual 14k Human

Table 1. Overview of the embodied datasets used for training GEA. The actions in each dataset can be either discrete or continuous with a
specific control space for the continuous actions. The embodiment type describes the agent being controlled. Each trajectory in a dataset
refers to a sequence of images and actions. The data source refers to the collection method for these trajectories.

mulative steps across all tasks, which takes around 1 day.
Full RL training details are in Appendix C.

5. Datasets and Environments

We use a diverse set of domains with associated environ-
ments and datasets (see Table 1). This section introduces
these domains followed by an explanation of how we use
them in stage 1 and 2 of our training procedure.

Static Manipulation. These datasets are of a fixed
robot manipulator interacting with objects. Some of these
datasets are simulated table top interactions with rigid-body
objects such as Meta-World [99], CALVIN [60] and Man-
iskill [22]. We also leverage a large dataset of interactions
on real robot platforms [63]. These datasets span a vari-
ety of control spaces in end-effector and joint control. The
camera is typically mounted in a static position so that the
workspace and robot arm are fully visible.

Mobile Manipulation. We also investigate setups where
the robot manipulator moves via a mobile base. We use the
object rearrangement tasks from the Habitat platform [71]
for datasets in these tasks. These datasets cover object pick-
ing and placing tasks where the robot starts up to 2 meters
away from the object. The robot has to coordinate moving
its base and arm to successfully pick up the object. These
datasets involve first person egocentric cameras.

Navigation. We also use datasets of navigation in iso-
lation. We use datasets of simulated robot navigation in
Habitat. We also use navigation in grid-world environments
from BabyAlI [14]. Both datasets were collected with short-
est path experts.

Video games. We use datasets from two standard bench-
marks for decision making in video games, Procgen [15]
and Atari [7]. Both datasets were collected by RL agents
which were separately trained to solve each individual
game. We convert these tasks to be language-conditioned

by providing the game name along with a short description
of the game’s objective and rules. We only train on success-
ful trajectories.

Planning. We use a dataset of successful episodes in
the LangR dataset [80]. In this task the agent has to se-
lect between skill primitives that accomplish long horizon
language-specified rearrangement tasks for a home robot.

UI Control. We use the AndroidControl [47] dataset of
Ul interaction in Android devices spanning 833 apps. The
actions are combinations of tap actions specified by screen
coordinates and text typing.

Vision language instruction data. To improve general-
ization of the model, we also include data used for train-
ing the original MLLM, which prior work has found is
useful when finetuning MLLMs as control policies [11].
We used the following datasets of text and images without
any actions: VQAv2 [21], OKVQA [57], A-OKVQA [73],
GQA [32] and the LLaVA-Instruct-150k dataset [52].

Stage 1 Training: SFT Data. To obtain embodied data
for Stage 1 Training (see Sec. 4.3), we collect a large dataset
of language-conditioned behaviors from all of the above
domains consisting of 2.2M trajectories. All trajectories
are successful examples of language-conditioned behaviors
with visual observations. The data is from diverse collec-
tion sources such as human demonstrations, RL-based poli-
cies, and motion planners. The dataset is diverse and spans
thousands of distinct tasks and many embodiments (see Ap-
pendix D for full details).

Stage 2 Training: RL Environments. For Stage 2
online RL (see Sec. 4.4) we use environments from the
three domains of Habitat Pick [78], Language Rearrenge-
ment (LangR) [80], and Procgen [15]. Thus, we define
Eppo = {HabPick,LangR, ProcGen}. Habitat Pick and
LangR are simulated in the Habitat platform [71] and have
reward functions for achieving and making progress to-

10648



GEA Prior Work # Tasks Generalization Type
Manipulation
84 MLLM+IL [81]8 . .
Meta-World 94.7 87.0 [69]C 45 object positions
82.4 MLLM+IL [48] N . .

CALVIN (ABC —D) 90.0 92.2 IL+pointcloud[35] 34 instructions, background
. 6.51L [22]8 . ..
Maniskill 13.6 47.8 1L+PPO [22]5 5 object positions

. 29 1L [81]8
Habitat Pick 82.5 21.0RL + sim stateS 20 house
Habitat Place 93.5 95.5 RL + sim stateS 10 house
Video Games
Procgen 44.0 255918 16 background
. 31 [69]¢
Atari 32.7 85 Offline RL [41]° 44 none
Navigation
Habitat Nav 62.5 72 (78] 10 house
BabyAlI 91.1 93.2 [69]¢ 17* instructions, grid state
UI Control
AndroidControl 573 45 GPT-40+SoM [93]6 35% instructions
Planning
LangR 50.0 51 MLLM+RL[81]8 10* instructions, house

Table 2. Zero-shot generalization of GEA to new tasks in terms of success rate % and in the video games tasks % of expert performance. We
compare against prior works consisting of domain specialists (with superscript “S”) that are trained on only data from that benchmark and
domain generalists (with superscript “G”) that are trained on data from several benchmarks. Bold indicates best, underline close second,
and gray coloring that the method assumes access to additional input modalities like pointcloud or ground truth simulator state, meaning it
is not a fair comparison to GEA. The “Prior Work” column also gives details about how the methods were trained (IL or RL) and if they
assume additional input modalities. The “# Tasks” column gives a general indication of the number of distinct evaluation settings with a

“*” indicating each task also has diverse language instructions.

wards the goal. In Procgen, we use all 16 games for RL and
use the game specific reward functions (see Appendix C for
full details).

6. Empirical Evaluation

We empirically demonstrate the ability of GEA as a general-
ist agent that can generalize to new instructions and settings
across diverse embodiments and domains. We assess the
role of the RL training in achieving this goal. In ablations,
we study the impact of scaling data between multiple do-
mains, compare RL to other forms of policy collected data,
the impact of the the base MLLM.

6.1. GEA Generalization Capabilities

In this section, we evaluate the generalization capabilities
of the final GEA model. We use the associated benchmarks
from the datasets in Table 1, which span manipulation, nav-
igation, video games, UI control, and planning. These
benchmarks evaluate agents in new settings not present in
the training data, such as new object positions, scenes, vi-
sual backgrounds, tasks, or instructions. All benchmarks
specify evaluation instructions in natural language and re-

Habitat

Pick Procgen LangR All Other
GEA 82.5 44.0 50.0 70.5
GEA-Base 60.5 36.1 15.5 69.5

Table 3. Effect of stage 2 RL training on GEA-Base (7b model).
Tasks included in RL training increase their generalization per-
formance. Performance on the remaining tasks slightly increases
thanks to continued SFT training.

quire the agent to operate from visual observations.

We report the “online” performance of GEA, meaning
we evaluate its performance in an interactive simulator. The
only exception is AndroidControl, where we instead check
the correspondence with a ground truth test trajectory [68].
Each benchmark also evaluates agents over many distinct
tasks. For example, in the Procgen video game bench-
mark, we report the average Procgen performance over all
16 Procgen games each of which is an entirely different
video game. Full evaluation details are in Appendix E.

We seek to comprehensively frame the empirical per-
formance of GEA relative to prior work on our evaluated
benchmarks. First, in all benchmarks, we use only im-
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ages as observations without using any privileged informa-
tion such as the simulation state or additional observations
such as 3D point clouds. Second, we evaluate our single
GEA model across all environments, which is referred to as
a generalist. Some of the approaches we compare against
are trained on data from a single environment, and we re-
fer to those as specialists. In other comparative approaches,
the split between train or test data is unclear. For exam-
ple, Gato [69] is a generalist model like GEA, yet evaluates
and trains on some less diverse tasks with their own train-
ing datasets, which are not released. Appendix F.1 discusses
these connections in detail.

Table 2 summarizes the comparative evaluation. GEA
excels at manipulation tasks, either exceeding or match-
ing the performance of specialist models. For example, in
Meta-World GEA greatly outperforms both specialist and
generalist models trained for this task with a 7% absolute in-
crease relative to the best-performing baseline. In CALVIN,
GEA outperforms a variety of recent specialist models.
GEA also performs closely to the specialist 3D Diffuser Ac-
tor method [35], which uses a manipulation-specific action
representation of end-effector key points and uses a depth
camera to represent the scene as a 3D feature cloud. GEA
only uses the third PoV RGB camera and does not use an
action or observation space specific to table-top manipula-
tion. GEA outperforms the baseline in Habitat Pick and
closely matches it in Habitat Place despite these baselines
being trained with the ground truth simulator state. In Man-
iskill, the difficult, often occluded, camera view results in
low overall success rates, yet GEA outperforms other re-
sults that only use IL. However, GEA is outperformed by
methods that use RL in this benchmark.

In video game benchmarks, GEA outperforms the spe-
cialist model baseline in Procgen. In Atari, GEA outper-
forms the generalist Gato model [69]. However, in Atari,
GEA is outperformed by Multi-Game DT [41], which uses
offline RL from suboptimal demonstrations. In Atari, GEA
does not learn with offline or online RL.

In the BabyAlI navigation benchmark, GEA is close in
performance to Gato [69] despite GEA using RGB ren-
derings of the top-down view rather than any underlying
state information and 100x fewer demonstrations for this
environment. In Habitat Nav, GEA underperforms an RL-
trained expert. This gap could be due to the context of GEA
only consisting of the previous three observations, which
could limit its ability in partially observable settings. In
UI control, another discrete action task, GEA outperforms
GPT-40 [64] with set of marks [93] generated by a UI detec-
tion model. This demonstrates that GEA benefits from be-
ing specialized for interactive decision-making even against
a powerful LLM and specialized perception system. Fi-
nally, in the discrete control benchmark of the LangR plan-
ning task, GEA closely matches the performance of a spe-

I-i)ailc):(tat CALVIN Procgen Izl:)(rl;::;li BabyAI
GEA-Base  57.0 48.0 24.5 50.5 84.7
Domain Specific ~ 54.5 355 23.7 48.9 82.1
Only LLM 9.5 0.0 7.6 26.4 49.4
Only VisEncoder  34.5 13.0 24.5 28.3 70.6
None 9.0 0.0 74 14.1 444

Table 4. We present results using LLaVA-OneVision-500m as the
MLLM base (row 1) as well as training with only domain specific
data (row 2). We also present results for a transformer of the same
architecture but only the LLM subnet is initialized (row 3), or the
visual encoder (row 4), or neither (row 5).

cialist baseline, which trains on only this task with RL.

Comparative Benefit of RL to SFT. Training with
RL was important to achieving these strong results. Ta-
ble 3 compares the performance of GEA-Base, which is
only trained with SFT on expert demonstrations, and GEA,
which is additionally trained with a second stage of RL. The
results show that the success rate of GEA greatly increases
on Habitat Pick, Procgen, and LangR, which are the envi-
ronments where RL was used. Furthermore, the average
success rate across all the other tasks is not influenced by
RL due to the continued joint SFT training.

6.2. GEA Training and Model Analysis

In this section, we explore the relationship between the gen-
eralist capabilities of GEA and its training data. We analyze
the role of embodied SFT data for adapting the MLLM for
interaction and the importance of online data. We also eval-
uate the importance of the base MLLM. For all results in
this section, we train all models with 32% of the original
embodied SFT data and 40k updates to ease the computa-
tional burden of the analysis. We also evaluate on the tasks
from Table 2 with a reduced number of evaluation episodes
with around 200 episodes per benchmark. Appendix F.2 de-
scribes this analysis evaluation and dataset in detail.

Impact of Multi-Domain Data. We evaluate training a
generalist model on data from all diverse domains, versus
training a model only on data from the particular target do-
main. Specifically, we train the smaller LLaVA-OneVision-
500m model on either data from a single domain (“Domain
Specific”) or data across all domains (“GEA-Base ). Com-
paring these options in Table 4 shows that across all the
benchmarks, training with all the data is beneficial. How-
ever, the gain is smaller in some of the domains like An-
droid Control and Procgen, likely due to less overlap with
the other training domains as opposed to the wealth of ma-
nipulation data we train with. Appendix G.4 contains a
more granular investigation into the pairwise transferabil-
ity between each dataset and also supports this conclusion
that GEA benefits from multi-domain data.

Impact of Policy-Collected Data. Next, we explore
the role of learning from data sources beyond SFT on ex-
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Figure 4. Online learning in Habitat Pick. MLLM methods fine-
tune LLaVA-OV while other methods finetune GEA-Base.

pert demonstrations. While GEA-Base is a capable embod-
ied policy, it is only trained on successful demonstrations.
These demonstrations rarely exhibit recovery behaviors or
robustness to non-expert behaviors. Unlike typical MLLM
applications such as visual question answering, in interac-
tive tasks, agents trained with expert data can suffer from
the problem of “covariate shift” where small agent errors
cause the observation distribution to shift from the expert’s
and for errors to compound [70].

We analyze how GEA-Base can be trained with addi-
tional data to improve performance in the Habitat Pick task
and compare the following alternatives. First, GEA-Base
Success SFT collects 10k successful examples in the en-
vironment with the GEA-Base policy and then trains on
these successes with supervised learning. GEA-Base Offline
RL collects 10k trajectories consisting of both successes
and failures, both labeled with the dense Habitat Pick re-
ward, and then trains on these with the IQL offline-RL algo-
rithm [38]. GEA Online RL finetunes GEA-Base with PPO,
which leverages online interactions with the simulator like
the GEA Stage-2 training (but omits the joint SFT loss). We
again use the smaller base LLaVA-OneVision-500m model
for these experiments. Figure 4 shows these variations.

A main takeaway message is the strong impact of on-
line RL on top of a finetuned MLLM, which increases the
success of GEA-Base from 57% to 83%, despite the lat-
ter being trained on 50k successful Habitat Pick demonstra-
tions. Online RL outperforms both Success SFT and IQL
offline RL, highlighting the need for online interactions. It
is worth noting that applying success SFT and offline RL
on top of GEA-Base decreases the model’s performance,
which could be due to the lack of diverse data.

These results further show that online RL is beneficial
when applied on top of a finetuned model with domain
data. Online RL alone is unable to bring the performance
of the base MLLM to GEA-Base without the stage 1 SFT.
Appendix G.2 explores this further and shows that GEA-
Base is also far more sample efficient with RL than the base
MLLM. This analysis demonstrates it is important for the
GEA model to use RL in combination with SFT.

Impact of pretrained MLLM. We assess the impor-
tance of the pretrained MLLM in the GEA architecture. To

LLaVA-OV-500m MM1.5-1.2b
BN LLaVA-OV-7b . MM1.5-6.4b
s LlaVA-1.5-7b

LangR Procgen CALVIN BabyAl

Figure 5. Analyzing the impact of training GEA with different
base MLLMs with different parameter counts.

Success (%)
@ ®
3 3

N
S

N
>

Android Control Habitat Pick

do so, we present results using a base model that has an ar-
chitecture identical to the pretrained MLLM. However, in-
stead of initializing the full model with LLaVA-OneVision
we initialize only the LLM or the visual encoder with the
corresponding subnet weights.

The results in Table 4 show that the full MLLM has a
substantial impact on performance. Although this isn’t sur-
prising, it is important to note that the visual encoder ini-
tialization seems to have a stronger impact on the final per-
formance compared to the LLM. We conjecture that this is
because the benchmarks require visual generalization, and
training the LLaVA-OneVision SigLIP visual encoder from
scratch with only the embodied data is challenging.

Further, we analyze the impact of the base MLLM size
on the GEA-Base. We use two classes of backbone mod-
els, LLaVA-OneVision [44] and MM1.5 [58], and use two
sizes for each of them (0.58B and 7B for the former, and
1.2B and 6.4B for the latter). As shown in Figure 5, in
our agentic applications increasing model capacity leads
to stronger performance, both within and also across
backbone model class. Interestingly, the class of models
has little effect as we see very similar performance across
multiple backbone models. The three different 753 models
have been trained on different web-scale data. Nevertheless,
their difference has a negligible impact on GEA.

7. Conclusion

In this work, we studied how finetuning pretrained MLLMs
with large-scale embodied experience via expert trajecto-
ries and online RL unlocks their ability to act as Generalist
Embodied Agent. To interface with diverse embodiments,
GEA uses a learned action tokenizer. We illustrate the im-
portance of RL finetuning for GEA, which results in com-
petitive results across a variety of domains spanning manip-
ulation, video games, navigation, UI control, and planning.
While GEA demonstrates impressive abilities across a wide
diversity of tasks, it is still not at the level of a foundation
model for decision-making like similar models for language
and vision [1]. GEA cannot control arbitrary embodiments
and operate in arbitrary environments zero-shot. Further-
more, the performance of GEA in some domains, such as
Maniskill, Atari, and AndroidControl, is far from perfect.
Extending RL to these environments could be a solution.
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