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Fig. 1: Multi-Scale Embodied Memory (MEM) equips Vision Language Action Models (VLAs) with memory for solving long-horizon tasks
at scale. It has two key components: an efficient video encoder for short-horizon image-based memory, and a language-based memory
mechanism for capturing long-horizon memory. After training on a diverse corpus of robot and non-robot data, MEM VLAs can solve tasks
that require up to fifteen minutes of memory, handle partial observability, and perform in-context adaptation of manipulation strategies.

Abstract—Conventionally, memory in end-to-end robotic learn-
ing involves inputting a sequence of past observations into the
learned policy. However, in complex multi-stage real-world tasks,
the robot’s memory must represent past events at multiple levels
of granularity: from long-term memory that captures abstracted
semantic concepts (e.g., a robot cooking dinner should remember
which stages of the recipe are already done) to short-term memory
that captures recent events and compensates for occlusions (e.g.,
a robot remembering the object it wants to pick up once its
arm occludes it). In this work, our main insight is that an
effective memory architecture for long-horizon robotic control
should combine multiple modalities to capture these different
levels of abstraction. We introduce Multi-Scale Embodied Memory
(MEM), an approach for mixed-modal long-horizon memory in
robot policies. MEM combines video-based short-horizon memory,
compressed via a video encoder, with text-based long-horizon
memory. Together, they enable robot policies to perform tasks
that span up to fifteen minutes, like cleaning up a kitchen, or
preparing a grilled cheese sandwich. Additionally, we find that
memory enables MEM policies to intelligently adapt manipulation
strategies in-context.
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I. INTRODUCTION

Efficiently and effectively endowing robotic policies with
memory requires multiple levels of abstraction. While in
principle we could simply encode the entire sequence of
past observations into the context of the policy, this becomes
intractable for long tasks, necessitating either very short
sequences or significant subsampling. However, in practical
settings, the representation required for long- and short-term
memory is likely to be very different. For example, the
robot might need to remember a recent observation to handle
occlusions, and it might need to remember that it has already
added one of the ingredients when cooking a meal. But these
memories are fundamentally different: the former might require
storing a few images over a short time period, the latter might
require long-term memory but only a few bits of information.

An effective memory architecture for robot policies should
use multiple modalities to represent memories at these different
levels of abstraction. For short-horizon memory, dense image-
based memory is well-suited to resolve occlusions and allows
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the robot to quickly adapt its manipulation strategy, e.g., by
changing the grasp after failing to pick up an object. For long-
horizon memory, we often only need to keep track of events
at a semantic level, such as which ingredient has already been
added to a dish. In this case, a language-based representation
provides much better compression than raw observations, and
allows us to store high-level memories over long time periods.

Based on these observations, we introduce
Multi-Scale Embodied Memory(MEM), a system for equipping
policies with multi-modal, long-horizon memory.MEM
combines two key ingredients to make long-horizon memory
tractable. First, we use a video encoder architecture to
effectively encode multiple seconds of dense image-based
memory into a compact representation. Second, we introduce
a language-based memory mechanism in which the policy
keeps track of semantic events in a compressed language
format. This memory system can not only accommodate
very long horizon tasks, but also enables a variety of new
capabilities by leveraging the short-term memory, such as
in-context adaptation to correct mistakes, and resilience to
partial observability and self-occlusion.

To evaluateMEM, we integrate it into the� 0:6 model [35], a
generalist VLA trained on a diverse mixture of robot, vision-
language, and video data. We show that the resulting policy
achieves state-of-the-art performance across a wide range of
complex manipulation tasks. We also show thatMEMenables
our policy to solve long-horizon tasks like cleaning up a whole
kitchen or preparing a grilled cheese sandwich, which require
keeping track of memories for up to �fteen minutes.

In summary, we introduce a system for multi-scale, long-
horizon memory for robot policies. By effectively representing
short- and long-horizon memory via video and language
representations respectively,MEMallows robot policies to keep
track of memories across tens of minutes, without sacri�cing
runtime constraints. To implementMEM, we use an ef�cient
video encoder architecture and a language-based memory
system, and demonstrate their effectiveness through state-of-
the-art performance across diverse robot tasks. WithMEM, we
enable robot policies to perform complex tasks like cleaning
up whole kitchens, which can span up to �fteen minutes.

II. RELATED WORK

Vision language action models with memory. Recent works
have demonstrated that learned robot control policies, trained
on large amounts of diverse robot experience, can lead to
generalizable manipulation, e.g., in unseen environments [19,
18, 43, 46, 31, 52]. Vision language action models (VLAs) [15,
8, 33, 32, 13, 22, 5, 49, 54, 2, 41, 34, 44, 50, 4, 51, 45]
are a popular approach for training such generalist policies,
in which a pre-trained vision-language model is �netuned
with robot experience. While many of today's state-of-the-art
VLAs are trained without memory and act purely based on the
current observation of the environment [22, 18, 19, 43, 46, 31],
a growing number of works have explored adding memory
to policy training since it is a core requirement for solv-
ing a wide range of real-world tasks. While early works

explore architectures with recurrent memory modules [37, 28],
more recent works that use transformer-based architectures
simply pass a dense history of prior observations into the
policy [38, 23, 32]; computational and latency constraints make
it challenging to scale such approaches to support very long-
horizon memory. Some works have explored latent memory
architectures [24, 39, 17, 12], but only evaluated on short-
horizon memory tasks. Others have proposed various heuristics
to compress memory information, e.g., by relying on purely
proprioceptive memory [53], 2D point tracks [55, 9], by only
retaining keyframes from prior timesteps [40, 48, 29], or by
representing memory in natural language [26]. A challenge
for all these approaches is that it is hard to �nd a one-
modality-�ts-all solution for robot memory, and each individual
representation will result in a compromise on capabilities:
proprioception, point traces, or natural language alone, for
example, lose precise spatial information about grasp angle and
height that is necessary to correct a slipped grasp. Keyframes,
on the other hand, need to aggressively sparsify the observation
history to make inference computationally feasible in long-
horizon tasks, but may lose the ability to estimate environment
and robot dynamics, which often requires more densely sampled
observations. In contrast to these prior works, we introduce
a multi-modal memory system that combines short-horizon,
dense vision-based memory with long-horizon, language-based
memory. This allows us to resolve partial observability, perform
in-context adaptation, and solve long-horizon tasks, all without
sacri�cing ef�ciency. Finally, an orthogonal line of work
proposes approaches for mitigating causal confusion [11, 55]
in which a policy with memory erroneously learns to copy
over prior actions, e.g., by introducing auxiliary objectives [47].
While similar approaches could be combined with our memory
system, our experiments suggest that we can achieve high
policy performance without such objectives, which may be
attributed to our large-scale and diverse training data.
Long-Context Models. Outside of robotics, a large body of
work has explored the training of long-context language and
vision-language models [27, 42, 30]. In particular, in the context
of video processing, there is a rich literature on designing
ef�cient encoders for long video inputs [1, 3, 25]. Our work
leverages similar ideas to [3, 1] for using sparse attention
operations to ef�ciently process video inputs. Yet, in the context
of robotics, latency constraints imposed by the real world
require additional ef�ciency considerations: processing more
than ten minutes of high-frequency, multi-frame video within
a latency budget of a few hundred milliseconds is challenging,
even on modern hardware. Thus, our work combines a short-
horizon, video-based memory architecture with a signi�cantly
more compressed, language-based memory architecture for
effective long-horizon context.

III. MULTI-SCALE EMBODIED MEMORY FOR VLAS

In this section, we describe our proposed system for
equipping VLAs with memory on multiple time scales. For
robot policies deciding on the next action to take, relevant
context often spans multiple time scales. The most recent



timesteps help understand the dynamics of the robot and
scene, resolve self-occlusions, and quickly adapt �ne-grained
manipulation strategies like re-grasps. On the other hand, long-
horizon memory is required to understand, for example, which
steps of a recipe have already been completed, or which subtask
has repeatedly failed. In theory, both types of context could be
provided by conditioning the policy on a dense sequence of
all its previous observations. However, this becomes quickly
infeasible for tasks spanning tens of minutes. Our goal in
designingMulti-Scale Embodied Memory(MEM) is to enable
both ef�cient short and long-term memory. For short-horizon
memory, we use an ef�cient video encoder architecture that
allows us to pass a multi-second horizon of observations to
the policy, enabling rapid in-context adaptation and robustness
to self-occlusions. For long-horizon memory, we design a
language-based memory representation, and train the model
to keep track of past events at a semantic level, in natural
language. This way, we can equip our policies with memory
spanning up to 15 minutes, without sacri�cing runtime latency
constraints.

We �rst give an overview of theMEMmemory system
(SectionIII-A ), then provide a detailed description of both
the language-based memory (SectionIII-B ) and video encoder
architecture (SectionIII-C), and �nally detail the instantiation
of our memory system in the �0:6 -MEM VLA (Section III-D).

A. Multi-Scale Embodied Memory (MEM)

Figure 2 shows an overview of ourMEMsystem. Our goal
is to train a policy�(a t:t+H jot�T :t ; g) that predicts a chunk
of continuous robot actionsat:t+H conditioned on the task
goal g in natural language, as well as a sequence of dense
observations (e.g. images, proprioceptive state) provided as
input. In comparison, most previous VLAs only condition on
a single observationot , while we want the policy to process
many (T ) observations.

As mentioned above, scaling the number of past observations
such that they span multiple minutes, and can thus serve as
a form of long-range memory is infeasible. Therefore, we
factorize the problem of action prediction as follows:

�(a t:t+H ; l t+1 ; mt+1 jot�T :t ; mt ; g)

� � LL (at:t+H jot�K:t ; l t+1 ; g)

� HL(l t+1 ; mt+1 jot ; mt ; g);

where we separated the probability of actions into a low-level
policy � LL and high-level policy� HL . The low-level policy
models sequences of actions conditioned on the task goalg,
a shorter sequence of observations (K � T ) and a subtask
instructionl t+1 . The subtask instruction, in turn, is generated
by the high-level policy, which is not only conditioned on the
task goal, but also a summarizationmt of previous semantic
events in natural language. We call this summarization the
language memory in the following. It allows us to signi�cantly
reduce the numberK � T of dense observations that are
input to the model, without sacri�cing the ability to capture
memory on the order of many minutes. While previous work

has employed a similar split into high- and low-level policies
with subtask instructions as the interface, the key novelty here
is that � HL additionally predicts the updated language memory
mt+1 based on its own previous prediction mt .

B. Language Memory for Long-Term Memory

The language memorymt is a summary of previous
semantic events that happened while the policy is solving
a task. The main idea is to train the high-level policy
� HL(l t+1 ; mt+1 jot�K:t ; mt ; g) such that it predicts the relevant
summarymt+1 from its previous summarymt and current
observations and task. This way, the model explicitly decides
when and how to update its memory representation. For
example, for a kitchen cleaning robot that already placed a
plate in the cabinet and just �nished picking up the next bowl,
a memory update may look like the following:

mt : I placed a plate in the cabinet and moved
to the counter.w

w
•

m t+1 : I placed a plate in the cabinet, moved to
the counter, and picked up a bowl.

In order to train� HL , we need to obtain appropriate training
data, including summarization actions we want the high-level
policy to take. For this, we develop a pipeline to generate
training data for the transition betweenmt andmt+1 as follows.
Given a robot episode with subtask language annotationsl0:T ,
we pass the subtask instructions together with an indicator
whether the subtask execution failed or succeeded to an off-
the-shelf pre-trained language model (LLM) and ask it to
summarize all information from the previous subtasks that
is still relevant for future task execution. We collect the
corresponding output and use it to label the sequence for
training the high-level policy.

Importantly, we instruct the LLM to remove or
compress information in the language memory when-
ever appropriate. For example, instead of remembering
the precise attributes of all objects that were manipu-
lated (“I put a light green bowl, a dark blue
bowl and a bright yellow bowl into the top
right cabinet ”), it is often suf�cient to just remember
where the bowls were placed (“I placed three bowls
in the top right cabinet ”). Compressing the lan-
guage memory helps keep it succinct (and thus inference
fast) and reduces the potential for train-inference distribution
shift, since fewer bits of information are carried over between
timesteps. We �nd that current generation LLMs are effective
at this task when prompted to keep only the minimal set of
relevant information.

C. Video Encoder for Dense Short-Term Visual Memory

The language memory mechanism, as described in the
last section, can capture long-term semantic concepts. In
order to enable our policies to reason about �ne-grained
details, dynamics, and resolve self-occlusion, access to a dense
sequence of previous observationsot�K:t is required as input to



Fig. 2: TheMEMmemory system equips VLAs like� 0:6 with long-horizon memory via two key components: (1) a high-level policy is
trained to keep track of long-horizon semantic events by updating a language memorym t (left, SectionIII-B ), (2) the low-level policy uses
a short-horizon observation-based memory that is ef�ciently encoded via a video encoder (right, Section III-C).

Fig. 3: Naively passing a sequence of observations into the backbone
of a VLA rapidly increases inference latency. Our ef�cient video
encoder architecture allows us to use many observation frames while
remaining under critical real-time inference thresholds [6, 7]. Timings
measured for the� 0:6 VLA, with four input camera streams on one
NVIDIA H100 GPU.

the policy. In most VLAs, encoding the observations, especially
for images, accounts for the largest fraction of compute
spent during training and signi�cantly impacts inference speed.
Therefore, as we show in Figure 3, simply encoding a sequence
of observations one-by-one and passing them into the VLA
backbone quickly becomes infeasible as the context grows
beyond a few timesteps. The VLA will rapidly incur inference
latencies beyond what prior work has deemed acceptable to
prevent signi�cant degradation in on-robot performance for
dexterous manipulation tasks [6, 7].

To address this, we propose to use a video encoder that
can compress frames in the time dimension before passing the
encoding into the VLM backbone. Our video encoder extends
Vision Transformers (ViTs) [14], typically used as the vision
encoder in most VLAs, to encode video inputs. Importantly,
our encoder leaves the single-image performance of the VLM
we start with invariant, and thus can be used to endow any
pre-trained VLM with highly effective (yet computationally
cheap) visual memory capabilities.

ViTs process images in patches and repeatedly perform

Fig. 4: We propose to use an ef�cient video encoder architecture for
compressing short-horizon, image-based memory. Our architecture
expands standard ViTs for encoding video inputs by interleaving layers
that apply bidirectional spatial attention within each observation (white
arrows) with layers that additionally apply causal-temporal attention
operations across observations (black arrows). We drop observation
tokens for past timesteps in upper layers of the ViT to compress the
inputs and reduce the number of tokens passed to the VLA backbone.

bidirectional attention across the patch embeddings (across
multiple layers) to derive a �nal set of output embeddings. We
keep the same general structure and our video encoder �rst
patchi�es all images in the input video separately. Inspired
by existing work on space-time separable attention for video
understanding (see e.g. Bertasius et al.[3] for an overview)
we then modify the attention mechanism every 4-th layer of
the ViT to incorporate both spatial (as is standard in ViTs)
but also temporal context. To avoid prohibitively expensive
joint attention operations over the very large number of total
patches in time and space, our architecture factorizes attention
into separate spatial and temporal attention operations. Every
4-th layer additively adds attention over the time dimension by
performing attention over the timesteps' representations for the
same image patch using a causal attention mask (“temporal”)
– see Figure 4 for a visual depiction and Appendix C for



a mathematical description. This reduces the computational
complexity of the corresponding attention in each layer from
O(n 2K 2) (for naive attention over both time and space) to
O(Kn 2 + nK 2). Finally, to reduce the number of patches
processed by the subsequent VLA transformer backbone, we
only pass the representation computed for the current timestep
onwards (dropping representations for all patches from past
timesteps). Thus, our video encoder matches the number of
tokens typically passed into the VLA backbone in single-
timestep VLAs without memory; and we effectively force
the video-encoder to incorporate temporal information into the
representation produced for the current observation (via the
modi�ed attention mechanism).

A key property of our video encoder is that it does not
introduce new learnable parameters compared to standard,
single-image ViTs. Video encoding capabilities are added by
modifying the attention pattern of the ViT and adding a �xed
sinusoidal temporal position encoding. Thus, we can initialize
the weights of our video encoder from the pre-trained ViT
weights of any standard vision-language-models, just like in no-
memory VLAs. To maximize feature transfer, we ensure that
for K = 1 , i.e., single-image input, our encoder's initialization
exactly matches that of the VLM, which we achieve with a
sinusoidal temporal position embedding that has value0 for
t = 0.

In summary, our video encoder architecture allows us to
effectively scale observation-based memory to tens of seconds
without incurring prohibitive computational overhead during
training or inference (Figure 3), while at the same time
permitting initialization from pre-trained vision-language model
weights.

D. Integrating MEM into the �0:6 VLA

For our experimental evaluation, we equip the� 0:6 VLA [ 36]
with MEMmemory by adapting its architecture to support the
video encoder from SectionIII-C. Like � 0:6 , the� 0:6 VLA with
MEMis initialized from a pre-trained Gemma3-4B VLM [21].
Following Driess et al.[16], the model is trained with both
discrete FAST action token prediction [34] and a �ow-matching
action expert [18] with 860M parameters. Gradients don't �ow
from the action expert into the VLM backbone [16]. The model
is trained with an input resolution of 448x448 px per camera
stream and up to four camera streams (depending on the robot
embodiment).

In addition to past camera frames, the observation memory
of the � 0:6 model withMEMmemory also contains past propri-
oceptive states, e.g., joint angles. The� 0:6 VLA represents the
robot's state in text form. However, in the case of a sequence
of past states, this would quickly lead to a very large number of
state text tokens. To prevent this, we instead use a continuous
state embedding by projecting each proprioceptive state into
the backbone embedding space with a linear projection. This
way, we only produceK proprioceptive state tokens for an
observation memory of length K.

We pre-train� 0:6 -MEMon a diverse mixture of data that
includes teleoperated robot demonstrations, policy rollout data,

and human corrections similarly to Physical Intelligence et al.
[36], vision-language tasks, and video-language tasks, such
as video captioning. During pre-training, we train the model
with a sequence of six observations (�ve past and the current
observation), spaced with a stride of one second. During post-
training, we �nd that we can �exibly expand this horizon and
accommodate much longer observation-based memory (up to
18 frames and 54 seconds of observation-based memory in our
experiments), similarly to what has been observed in language
model and vision-language model training [10]. We run all
on-robot experiments using either inference-time real-time
chunking (RTC, [6]) or training-time RTC [7] for asynchronous
real-time inference.

IV. EXPERIMENTAL EVALUATION

Our experimental evaluation aims to answer the following
questions: (1) DoesMEMenable VLAs to perform tasks that
require long-term memory spanning up to 15 minutes? (2) Does
MEMunlock new capabilities in VLA models, like in-context
adaptation of manipulation strategies, based on short-term
memory of recent failures? (3) How does the performance
of MEMcompare to prior approaches for adding memory to
VLA models?

A. MEM Solves Tasks Requiring Long-Horizon Memory

We evaluate our method's potential for enabling long-horizon
tasks using two challenging scenarios that require retaining
memory for up to �fteen minutes (see Figure 5, rows 1 &
2): (1) Recipe setup: The robot is given a detailed prompt
specifying the ingredients and cookware required to cook a
recipe and their location, and is asked to fetch all of them from
various cabinets, drawers, or, e.g., the fridge, and place them
at a speci�c location, e.g., on the stove or a speci�c countertop.
Memory is required to keep track of all items that have already
been assembled and remember to close drawers, cabinets, or
the fridge once the task is complete. We train on 42 recipes
across diverse kitchen scenes, and evaluate on �ve of the
recipes in unseen kitchens and with unseen objects. (2) Clean
up kitchen: The robot needs to clean up a messy kitchen
environment, including stowing objects in the fridge, wiping
countertops, washing dishes with soap and running water, and
placing dishes in the drying rack. Memory is required for
remembering steps in the cleanup process (e.g., whether soap
has been added to the dishes before washing, whether both
front and back of the dish have been washed), remembering
which surfaces have already been cleaned, and remembering to
close cabinets after objects have been stowed. This task is not
only challenging from a memory perspective, but also requires
policies to perform multiple dexterous manipulations, from
wiping surfaces to carefully handling water and soap. For more
details on training data, evaluation conditions, and scoring
rubrics for progress scores, see Section B. All evaluations use
10 rollouts per policy and task or recipe, and we report mean
� standard error in all graphs.

Figure 6 shows the results: without memory, even state-of-
the-art models like� 0:6 struggle to perform these challenging
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