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ABSTRACT
Effective decision-making in the real world depends on memory
that is both stable and adaptive: environments change over time,
and agents must retain relevant information over long horizons
while also updating or overwriting outdated content when circum-
stances shift. Existing Reinforcement Learning (RL) benchmarks
and memory-augmented agents focus primarily on retention, leav-
ing the critical ability of memory rewriting largely unexplored. To
address this gap, we introduce a benchmark that explicitly tests
continual memory updating under partial observability, and use it
to compare recurrent, transformer-based, and structured memory
architectures. Our experiments reveal that classic recurrent models,
despite their simplicity, demonstrate greater flexibility and robust-
ness in memory rewriting tasks than modern structured memories,
which succeed only under narrow conditions, and transformer-
based agents. These findings expose a fundamental limitation of
current approaches and emphasize the necessity of memory mech-
anisms that balance stable retention with adaptive updating. Our
work highlights this overlooked challenge, introduces benchmarks
to evaluate it, and offers insights for designing future RL agents
with explicit and trainable forgetting mechanisms. Full paper and
code: https://quartz-admirer.github.io/Memory-Rewriting/.
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Figure 1: Illustration of memory rewriting vs. retention.

1 INTRODUCTION
Many everyday tasks demand memory that can both preserve and
revise information [1, 6, 17]. A pedestrian following a sequence of
directional signs must replace an earlier instruction (“turn left at the
park” ) when a new sign ahead indicates a detour, while a warehouse
robot tracking object locations must update its internal map each
time an item is moved. In both cases, previously stored information
becomes misleading unless the agent rewrites its memory with
current observations (see Figure 1 for a representative illustration).

RL agents must exhibit the same capacity to revise stored infor-
mation because observations are often incomplete and the latent
state cannot be inferred from a single frame [7, 8, 10, 23]. Under
partial observability, effective decision-making requires agents to
construct and maintain a memory that summarizes the relevant
aspects of past experience [3, 4, 9, 14, 20, 22].

While existing work [2, 5, 11, 15, 16, 19, 21] focuses on retention,
we isolate memory rewriting in RL through four diagnostic tasks
that enforce continuous memory updates under partial observabil-
ity. Endless T-Maze consists of sequential corridors where each
new cue invalidates the previous one, requiring the agent to ac-
tively overwrite outdated instructions. Color-Cubes (in Trivial,
Medium, and Extreme variants) is a grid-world task where colored
cubes stochastically teleport, forcing agents to continually update
their internal map and avoid acting on stale information.

We evaluate three representative families of memory-augmented
RL agents providing a detailed characterization of their respective
strengths and limitations.We focus on how each architecture adapts
when memory rewriting becomes essential for success, exposing
distinct strategies and failure modes across these paradigms.
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Figure 2: T-Maze vs. Endless T-Maze.

Our contributions are threefold:
(1) Benchmarks for rewriting.We introduce Endless T-Maze

and Color-Cubes, two families of environments, which pro-
vide four options for isolate the ability to perform continual,
selective memory updates beyond simple cue retention.

(2) Systematic evaluation. We compare recurrent [18], trans-
former [14], and structured-memory [9, 12] agents, identi-
fying when rewriting mechanisms succeed and how perfor-
mance degrades with increasing memory update frequency.

(3) Design principles. We analyze architectural factors linked
to rewriting competence, highlighting the effectiveness of
explicit, adaptive forgetting (e.g., learnable forget gates).

2 BENCHMARKING MEMORY REWRITING
Endless T-Maze. This environment extends the classic T-Maze [13]

into an infinite sequence of interconnected corridors, forming a con-
tinual version of the cue-based navigation task. At the start of each
corridor, the agent receives a binary cue indicating whether to turn
left or right at the upcoming junction. Once a turn is made, the cue
changes, invalidating all previous information – thereby requiring
continual memory overwriting rather than static retention.

Color-Cubes. Color-Cubes is a stress test for adaptive memory,
designed to evaluate whether an agent can store, update, and se-
lectively forget internal representations under partial observability.
The environment consists of a 𝐺 × 𝐺 grid with 𝑁 uniquely col-
ored cubes. At the beginning of each phase, the agent observes the
colors and positions of all cubes and receives a target color. This
information is then hidden, forcing the agent to rely on memory.

The agent must navigate to the cube with the target color and
execute an interaction based on the remembered color, then this
cube is teleported and another color becomes the target. Episodes
consist of multiple phases with changing targets. During movement,
non-target cubes may stochastically teleport, making previously
stored information outdated. The agent must detect inconsistencies
and rewrite its internal map to maintain an accurate belief about
the environment. It evaluates selective adaptive forgetting: infor-
mation that was previously irrelevant can suddenly become critical,
requiring the agent to discard obsolete memories while retaining
only task-relevant content.

We define three difficulty levels that progressively increase the
demands on memory rewriting: Trivial – Single cube and sin-
gle target (𝑁=𝐾=1); Medium – Multiple cubes with complete state
updates (positions and colors); Extreme – Multiple cubes with in-
complete teleportation updates (positions only, colors hidden).

3 RESULTS
The results establish a consistent performance hierarchy among the
tested architectures. Across memory rewriting tasks the observed

Figure 3: Baseline comparison on Endless T-Maze under val-
idation interpolation and extrapolation conditions, where
corridor lengths and fixed sampling are the same, and the
parameter of the number of corridors varies. The result for
Success Rate is mean±sem.
ranking was: PPO-LSTM [18], FFM [12], GTrXL [14], SHM [9], and
MLP. This ranking correlates with the architectural approach each
model takes to managing outdated information – specifically, with
its mechanism for forgetting.
An analysis of the architectures reveals a trend:

• PPO-LSTM, the top-performing model, utilizes a dedicated
forget gate with learnable parameters.

• FFM architecture implements a more defined, rule-based
forgetting process where older information is systematically
replaced.

• GTrXL show generalization in some scenarios. The stabiliza-
tion of architecture learning occurs with the help of gating,
which once again emphasizes their necessity.

• SHM has a similar concept of matrix memory structuring to
FFM, but lacks an explicit forgetting mechanism.

A comparison in an ablation studywith PPO-RNN confirmed that
PPO-LSTM gates contributed to its success, while a comparison of
its gates with PPO-GRU gates highlighted the need for an adaptive
forgetting mechanism.

4 CONCLUSION
Our study reveals that memory retention alone is insufficient for
solving RL tasks that require continual adaptation under partial
observability. Through the proposed benchmarks, we isolate and
evaluate the ability of RL agents to rewrite memory – to selectively
discard obsolete information and integrate new evidence as envi-
ronments evolve. We observe a consistent hierarchy of adaptive
competence: agents with explicit, learnable forgetting mechanisms
exhibit strong performance and generalization when rewriting is
essential rather than optional. These findings suggest that the core
challenge in memory-intensive decision-making is not the preser-
vation of information but its controlled transformation over time.
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