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Abstract

To enable embodied agents to operate effectively over extended timeframes, it is
crucial to develop models that form and access memories to stay contextualized in
their environment. In the current paradigm of training transformer-based policies
for embodied sequential decision-making tasks, visual inputs often overwhelm the
context limits of transformers, while humans can maintain and utilize a lifetime
of experience compressed as memories. Significant compression is possible in
principle, as much of the input is irrelevant and can be abstracted. However,
existing approaches predominantly focus on either recurrent models with fixed-size
memory or transformers with full-context reliance. In this work, we propose Memo,
a transformer-based architecture and training recipe for reinforcement learning
(RL) on memory-intensive, long-horizon tasks. Memo incorporates the creation
and retrieval of memory by interleaving periodic summarization tokens with the
inputs of a model during training. We demonstrate Memo’s effectiveness on a grid-
world meta-RL benchmark and a multi-object navigation task in photo-realistic
indoor settings. Memo outperforms naive long-context transformer baselines while
being more compute and storage efficient. Additionally, Memo generalizes better
to longer contexts at inference time and remains robust in streaming settings, where
historical context must be truncated to fit inference constraints.

1 Introduction

Humans intuitively prioritize and retain memories relevant to their current tasks, filtering out irrele-
vant details such as the color of a house’s walls along a route unless it serves as a crucial navigation
landmark. Similarly, reinforcement learning (RL) agents must learn to selectively retain and access
task-specific memories guided by task objectives rather than predefined rules. This ability is espe-
cially critical for long-horizon tasks, where delayed rewards make credit assignment challenging
and necessitate efficient training and inference over extended timescales to effectively capture the
relationship between past and future events.

Recently, Transformers have become the go-to framework for sequence modeling due to their flexible
and expressive encoding, free from the fixed-size constraints of recurrent neural networks (RNNs)
[8L[14]. However, it assumes access to all past information at each step rather than selectively retaining
relevant memories, which can lead to inefficiencies and make it harder to extract task-relevant
information for decision-making. Their quadratic attention complexity further limits scalability,
making it challenging to process long contexts efficiently, especially when gradients must propagate
over large sequences. At test time, Transformers face another practical challenge: storing an
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increasingly large key-value (KV) cache is computationally expensive, and attending over ever-
growing contexts requires the ability to generalize beyond the temporal patterns seen during training.

To address these challenges, we propose Memo, a novel framework that enhances transformer-based
agents by enabling them to summarize and index past experiences through specialized summary
tokens. Memo introduces a simple yet effective training procedure where transformers learn to
compress their experience by periodically generating summary tokens that encode relevant past
information. These summary tokens are stored in a dedicated memory buffer, allowing the model to
attend to condensed representations of prior states instead of maintaining a full-context cache. This
enables Memo to maintain a compact memory footprint at inference, reducing computational costs
while preserving long-horizon reasoning capabilities.

Inspired by advancements in extending context lengths in language models, Memo adapts these
principles to reinforcement learning (RL), addressing the unique challenges presented by RL tasks.
Specifically, Memo integrates with both on-policy and off-policy RL agents, leveraging learned
compression mechanisms to enhance sample efficiency and generalization in sequential decision-
making settings. We demonstrate its effectiveness across diverse tasks, including a grid world
and a 3D indoor navigation task in Habitat. Memo matches or outperforms the naive transformer
baseline, which requires storing its entire context, leading to an 8-10 larger cache. Despite using
significantly less memory, Memo achieves better in-context learning (ICL) behavior, higher success
rates, and shorter path lengths in unseen environments. On large-scale navigation tasks, we show that
Memo also exhibits superior robustness in streaming settings where the cached context is truncated,
demonstrating improved adaptability under limited inference budgets.

Our contributions are summarized as follows:

* We propose Memo, a framework that enables transformers to learn to summarize and store
task-relevant past experiences, reducing computational costs while maintaining long-horizon
reasoning capabilities.

* We evaluate Memo on sequential decision-making tasks, demonstrating its efficiency and im-
proved in-context learning behavior compared to transformers that require full-context storage.

* We show that Memo is a general and versatile memory augmentation technique applicable to both
on-policy and off-policy RL agents for long-horizon tasks.

2 Related Work

In this section we briefly review research on extending context limits of transformers in language
modeling, as well as the state of the art in long sequence modeling and decision making in RL.

Extending Transformer Contexts in language: A significant limitation of current large language
models is their restricted input context length, prompting research into methods for scaling and
generalizing to larger contexts [33} 21} 113, 127]. Key-value (KV) caching can reduce recomputation
at training [9]] or inference time [23]], by storing and reusing self-attention outputs during decoding.
[25] further reduce memory by maintaining a compressed cache, though this compression is not
completely task-guided.

Beyond compute efficiency, recent work explores dynamic context extension. Recurrent Memory
Transformer (RMT) [4] introduces summarization tokens to periodically compress and propagate
prior context while discarding older tokens. Autocompressors (AC) [7]] extend this by accumulating
generated summaries across context windows, avoiding RMT’s fixed-size memory but still truncating
gradient propagation through summaries. We extend this context summarization approach to the more
involved setting of reinforcement learning (RL), where summarization must support decision-making
and handle credit assignment over long horizons. Unlike AC, which fine-tunes pretrained models on
a supervised token prediction task with limited gradient propagation—and aims to match but does
not surpass full-context transformer baselines—we train from scratch, integrating summarization
directly into the RL optimization process and propagating gradients across all summaries. This
enables more effective task-driven memory formation, surpassing full-context transformer baselines
in both efficiency and scalability.

Transformers in RL: Transformers, while widely used in self-supervised language modeling [10} [3]],
have seen slower adoption in reinforcement learning (RL) due to challenges like sparse rewards,
optimization instability, and limited batch sizes in on-policy RL. However, as we move to more



Figure 1:Architecture Diagram of Memo. The frame®; 3., depict the input sensor observations

to the agent at timestefds 3lseq. The gure depicts the information ow between three consecutive
segments of a much longer context of inputs provided to a transformer during training. The summary
tokens bottleneck the information passed on from one chunk of inputs to the next.

complex tasks that demand long-horizon planning and reasoning over past experiences, transformers
have shown promising initial results, outperforming recurrent models in POMDPs when encoding
longer temporal dependencies [22].

To stabilize transformer training in partially observable RL, Parisotto ¢24].used KV caching

while restricting gradient propagation to a small window of time steps, limiting the learning of long-
term dependencies. More recently, ReLI][improved convergence of on-policy RL algorithms by
unfreezing the historical context within a rollout and applying frequent updates, while AMAQO [
adapted off-policy RL to train with a shared transformer backbone. While these methods enhance
long-horizon learning, ReLIC's high computational cost and slow training hinder scalability, and
AMAGO is limited to small state-space observations, reducing its applicability to more complex tasks.
Our approach addresses these challenges by enabling ef cient memory utilization and leveraging a
more scalable transformer architecture for extreme long-horizon decision-making.

3 Methodology

This section outlines our methodology for memory-augmented in-context reinforcement learning
(RL). We rst formalize the problem and describe the in-context RL algorithms and the sequence
model we consider, in Section 3.1. We then introduce our context summarization mechanism in
Section 3.2, and describe key implementation details including the attention masking, positional
encoding, segment randomization and cache management scheme we use.

3.1 Problem Setting

In this work, we study tasks that require a model to perform sequential decision-making over long
executions while leveraging its experience history to improve ef ciency over time. Many diverse
reasoning problems fall into this category, ranging from embodied navigation to language modeling.
We formalize these tasks within the framework of in-context reinforcement learning (RL), where
models adapt and improve their performance using past inferences rather than pre-collected supervised
datasets. By treating these tasks as partially observable Markov decision processes (POMDPs) and
transforming them into fully observable MDPs through the integration of historical context, it is
possible to train policies effectively using both on-policy and off-policy RL methods.

We use a sequence encoder to model the agent's policy, processing past observations into a contextual
representation for decision-making. At each timestepe sequence encoder receives a sequence

of observations, denoted &5 = fo;;:::;0.0; and maps them to hidden representatibps
SegEn€X.): The policy distribution and value estimate are then computed using learnable actor
and critic heads as(a; j ht); V (h;); respectively, where; 2 A is the action taken by the agent at
timestept, selected according to the policyover the action spack.

In-Context RL Algorithms : In in-context RL, an agent adapts over time by conditioning on

its entire past within a trial. A trial consists of multiple episodes, where each episode resets upon
termination, but the agent retains memory across episodes. These episodes share a common underlying
context—such as environment dynamics, task structure, or goal distribution—enabling the model to
leverage past experiences for more ef cient adaptation. Sequence models like Transformers encode
history by attending to all previous timesteps within a trial, allowing the agent to infer temporal
dependencies and adjust its behavior accordingly. However, as trial lengths increase, attending to all
past timesteps becomes computationally infeasible.



To address this, we introduce Memo, a method for constructing and accessing memory representations
in Transformers to improve long-term context management in RL, as described in Section 3.2. To
demonstrate its ef cacy and broad applicability to long-context RL, we integrate Memo with both
on-policy and off-policy RL method:

» On-policy RL: We incorporate our memory mechanism into REL1@][an adaptation of DD-
PPO B(], which applies frequent partial updates during trajectory rollouts to help transformer
policies learn more effectively from in-context experiences.

 Off-policy RL: We extend Memo to AMAGOJ2], which trains transformer-based policy using a
shared sequence encoder and uni ed actor-critic loss to improve stability and learning ef ciency.

3.2 Context Summarization in Memo

Following [7], we introduce context summarization as a learned sub-task that enables the transformer
encoder to compress and retain task-relevant information from long observation histories. This
mechanism allows the model to ef ciently process past experiences while optimizing for task rewards
in RL. Our approach uses learnable summary embeddings to prompt the transformer to generate
summary tokens at prede ned intervals, ensuring ef cient memory utilization in long-horizon tasks.

Instead of attending to the full sequence history, the transformer periodically compresses past context
into summary tokens, which are then fed back into the model in future timesteps. We partition long
input sequences into segments of lerigéh, and generatk,m summary tokens at the end of each
segment. These tokens act as compact memory representations, allowing the model to condition
on past experiences without requiring access to raw observations. The encoding and integration
of summary tokens into future segments are illustrated in Figure 1, and the pseudocoe is provided
in Appendix A.4. The summarization mechanism is trained end-to-end through the RL objective,
allowing the model to attend over and re ne all previously generated summary tokens. Gradients
propagate through the attention mechanism, ensuring that memory updates remain task-driven.

Attention Masking: We use causal masking which includes all the previous summary tokens as well

as the previous observations within the segment being processed at timeTtepexcludes any
previous observation that contributed to and that was processed before the most recent summarization.
This creates a bottleneck for the ow of historical information to be solely through summary tokens.

Positional Encoding To add positional awareness, we assign indices to an observation at tinte step
based on its relative position within a segment. We use the same positional encoding method (linear
or ROPE) used by the baseline implementation which we will be comparing to. The position labeling
scheme in a naive full-context transformer input has indices which run from 0 to the length of the
context window. In Memo, the input context at time steép the rollout consists afi  lsyy, Summary

tokens and the latest segment's observations, wiereit=Ise4C. The position indices thus range
fromOton lgm - 1forthe summaries and then start from sy, andgotat N lseg+ N lsym

for the most recent observations in the latest segment. The summary embeddings at the end of a
segment are assigned indices following those of the last segment observation.

Segment length randomization Following Chevalier et al[7], we randomize segment lengths
during training by sampling uniformly within 20%of a xed lseq. This approach, which previously
showed small improvements in perplexity for token prediction, will be ablated in 4.8. Alxgds
used during data collection and evaluation, while training uses randomized segment lengths.

Maintaining the KV Cache: In on-policy RL, the KV cache stored during action selection can
become stale after a model update, as the new weights would encode different representations for the
same past context. This divergence is problematic since policy decisions depend on context, making
consistency crucial. ReLIC addresses this by refreshing and re-encoding the KV cache with the latest
model weights after every on-policy update. We extend this approach to memory tokens, ensuring
consistency by recomputing the summary vectors alongside the KV cache refresh. This guarantees
that both cached representations and learned memory remain aligned with the current policy.

4 Experiments

In this section, we present experimental results highlighting different aspects of our proposed method.
We rst describe the benchmark tasks and baselines used in our experiments, followed by different
experimental insights in the following subsections.



4.1 Benchmarks

EXTOBJNAV: The Extended Object NavigatioEXTOBJINAV) task, rstintroduced in11], builds

on theOBJECTNAV task commonly used in embodied Al researthd0]. While OBJECTNAV
requires an agent to navigate to a single object goal in an epiExd€©)BINAV focuses on how
performance evolves when the agent is repeatedly tasked with reaching different object goals within
the same scene. The task evaluates the agent's ability to leverage memory—utilizing information
from prior exploration during navigation to reach subsequent goals.

The ExTOBJNAV task uses 37 training and 12 validation scenes from HI$Pgnd includes 20
object instances from the YCB datas6} [These objects can be randomly placed on receptacles
throughout the scene, with eaptacemenfeaturing an average of 30 objects. We use 11,100 novel
placements during training and 108 during evaluation. A sample scene is shown in Figure 2a.

Agents are trained and evaluated ofréls, each consisting of a sequence of episodes with the same
object placement in a scene. Each episode mi@&sECTNAV in structure: the agent is randomly
spawned and tasked with locating an object from a sampled category. Episodes are capped at 500
steps, while trials are limited to 4096 steps during training and 32k steps during evaluation.

The agent is a Fetch robot with a head-mounted camera (256x256 RGB) and an odometry sensor that
provides relative position and orientation. It operates in a discrete action space: Forward (0.25m),
TurnLeft (0.3), TurnRight, and Stop. An episode is successful if the agent stops within 2m of the
goal with the object in view, occupying at least 10 pixels in the image.

We report success rate (SR) and success weighted by path length (SPL), with SPL measuring
navigation ef ciency relative to the shortest path. Results are computed over 32k interaction steps
on the validation set and plotted at intervals of 500 steps. All experiments use 10 random seeds.
Further details are in Appendix A.1. We include results on another multi-goal 3D maze navigation
task (Memory Maze) in the appendix.

Dark-Key-To-Door: Dark-Key-To-Door L8] is a Meta-RL P] benchmark where an agent must nd

an invisible key to open an invisible door in a 9x9 2D gridworld. The agent receives +1 reward for
nding the key and the door. It only observes its (x, y) position at each timestep and must remember
key and door locations based on previous reward signals.

Each episode lasts up to 50 timesteps, with trial duration xed at 500 steps. We evaluate performance
by average reward across 960 trials and 3 validation seeds. An agent that leverages contextual
information can complete multiple episodes per trial and achieve total reward well above 50.

4.2 Baselines

Below, we describe the main transformer-based baselines that we compare Memo to in this work.

» Thefull context transformer baseline corresponding to ReLICY] and AMAGO [12]. We refer
to it as FCT in the following sections for brevity.

» Transformer without Inter-Episode Attention (no-IEA): We modify the attention masking
such that the model can't attend over previous trials in the rollout. This sets a lower bound for
what the performance would be if the model didn't do in-context learning and simply used its
current trial's observations to explore and nd objects.

* Recurrent Memory Transformers (RMT): We also include a recurrent-only version of Memo
that does not accumulate summary tokens. This baseline represents an implementation of
RMT [5] adapted for the RL setting. The purpose of this comparison is to evaluate the bene ts
of Memo's summary accumulation against a xed-size memory constraint. To ensure a fair
comparison, we set the xed memory size in RMT equal to the total number of summary tokens
Memo would accumulate over multiple segmemig{ * number-of-segments).

» Autocompressors (AC):Memo with a pre-trained initialization and highly truncated backpropa-
gation through time TBTT. This represents an implementation of AGajlored to the RL setting.

We excludeRL ? and Tr-XL due to their poor performance in the resultsidf [L2]. In the following
subsections, we present experimental insights examining how Memao's memory creation mechanism
and training recipe enhance long-horizon reasoning and in-context learning. Each subsection high-
lights and focuses on a speci ¢ nding and analyzes a subset of baselines drawn from gures that are
shared across multiple sections, allowing us to do a more structured comparison.



(a) ExTOBJINAV (b) Results on EXTOBJINAV

Figure 2: (Left) Overhead view of a training scene in Habitat simulator. Exg OBINAV task
involves placing multiple objects around the house, and then sampling an object category as the goal
each time the previous goal is reached. The gure shows some sample objects that may be placed
around the house, such as Banana, Cracker Box(Right) Val success rate and SPL curves over

32k in-context learning steps in novel scenes, for different methods trained with ReLIC. We compare
Memo to the the full-context transformer (FCT), the FCT variant which does not attend over previous
episodes (no IEA), the recurrent memory transformer (RMT), and the Autocompressors (AC) variant.

4.3 Summarization Outperforms Full In-Context Access

We rst show that Memo achieves higher performance and exhibits better ICL-ability compared to
naive full context transformer (FCT) while using signi cantly less tokens in-context during evaluation.

In Figure 2b, we report the validation SR and SPL onBxa OBINAV task over 32k environment
steps. All methods are trained using on-policy RL technique proposed by ReLIC. Memo is trained
with a segment length of 256, 32 summarization tokens, and a trainable rollout length of 4096.
We observe that Memo outperforms FCT achieving 7.5% higher SR and 2.5% higher SPL on
average while using 8x fewer tokens (details in Table 1). We see that both Memo and FCT show
in-context learning ability and continue to increase their performance up to 10k st2psx(of

the training context length). Beyond this point, both methods experience performance degradation
due to limitations in context length extrapolation. Notably, FCT degrades more than Memo in SR,
while both show similar degradation in SPL. The single-episode variant (Transformer - no IEA)
performs signi cantly worse, highlighting the disadvantage of not leveraging historical context in this
navigation task. We also compare the GPU memory and FLOPs for Memo and FCT in Appendix A.5,
and their sample-ef ciency in Appendix A.10.

In Figure 3a, we present a similar comparison on the Dark-Key-To-Door environment, reporting the
average total return over trials as training progresses. All methods are trained using the off-policy
RL algorithm AMAGO. We see that both Memo and RMT match the FCT baseline, achieving peak
performance on validation episodes by 40M training steps. Interestingly, FCT shows a notable
performance drop around the 35-40M step mark across all seeds, while Memo remains maintains
stable convergence. This is likely due to training instability commonly observed in long-context RL
[12, 24], highlighting further training challenges with full-context models.

The consistent performance gains observed across both on-policy (with ReLIC) and off-policy
(with AMAGO) RL setups demonstrates that our proposal to augment transformer policies with
summarization enhances long-context modeling capabilities while being independent of the speci ¢
RL algorithm used.

4.4 Advantage of Summary Accumulation Over Fixed Recurrent Memory

The summary accumulation mechanism in Memo addresses the limitations of both transformers and
recurrent models. While transformers can model full context, they suffer from signi cant memory

overhead with long sequences. In contrast, recurrent models are memory-ef cient but struggle to
propagate gradients effectively over long horizons due to vanishing or exploding gradients. Summary
accumulation mitigates context explosion by periodically summarizing experiences and propagating
these summaries forward, allowing earlier memories to directly in uence outcomes at later timesteps.
Additionally, in purely recurrent models, gradients must pass through all intermediate memory update
steps to reach the embedding of a relevant input far back in time. In contrast, periodic summary
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