MEMRL: Giving Al a Memory That Actually Learns.
(Without the catastrophic forgetting part.)
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The Stability-Plasticity Dilemma

S_‘rabili’ry_ Pl_as’rici‘ry_

I have strong reasoning
capabilities, but I

can't learn from
experience.

-
"
-
|t o B
| .—-I
—
—
- 1
.
.

I T :;; = —
b l =
| — —Ll | ]] - Seid
I~-....____-__- ' .
(G i _ - i g l _ =2 S s

Trying to learn by updating my weights leads to "catastrophic forgetting”.
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So, We Looked at the Original Intelligence...

@ Stable Reasoning
(Cortex)

A 8.8 & &%

waax aaass | Plastic Episodic Memory
(Hippocampus)
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The secret is decoupling. Humans master new skills through
“Constructive Episodic Simulation"—retrieving past experiences
to solve novel tasks, without rewiring the whole brain.
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Introducing MEMRL: Memory-Augmented Reinforcement Learning

Frozen LLM

Evolving
Memory Jar

The learning
happens *in

the memory*,
4/ not the brain.
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MEMRL explicitly separates the stable reasoning of a frozen |

LLM from a plastic, evolving memory. The agent self-evolves
LVia non-parametric reinforcement learning on this memory. |
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I't's Not Just What You Remember, It's How Useful It Was.
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Intent (2) 7 @;if ‘iilwg

“What | was trying to do.” % e ¢
:

LLM: "Carbone” is

Experience (e) nighly rated... |

User: Booked it!

“What | actually did.” Mw
\ y

Utility (Q) Q-013.
["Huw well it worked.” WJ

e
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Each memory Is an Intent-Experience-Utility triplet. The Q-value approximates
the expected return of applying an experience to similar intents.
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How It Finds a Memory, Part 1: The Search

Find pasta
recipe 9

Memory Jar

Cosine
Similarity

Phase A: Similarity-Based Recall. First, narrow down the possibilities to

a candidate pool "C(s)" of semantically consistent experiences. This
ensures the retrieval is contextually relevant.
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How It Finds a Memory, Part 2: The Choice

| Phase B: Value-Aware Selection. From the relevant options,
select the memory that maximizes a composite score:
score = (1-A) * similarity + A * Q-value.

Balancing Act (A) [ A balanced A=0.5 is optimal.

Similarity —
(Exploration)

~ Proven Utility
(Exploitation)
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And the Memory Gets Smarter Over Time

g,g-av 0.82
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/Memor‘y /
Reward: +1 | Jar

. |

Sl Nt
=

After every task, the utility (Q-value) of used memories is updated based
on the reward signal r': Q,,.,, < Qg + @ (r - Q,14). It's a Monte Carlo-style
update that drives Q-values toward their true expected return.
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We Sent Our Hero on a Series of Quests...

BigCodeBench ALFWorld
CodeGen Exploration

=

Lifelong Agent Bench  HLE (Humanity's Last Exam)
OS/DB Tasks Knowledge Frontier

To pr'c-we its me’r'r-le, MEMRL was evaluated against -'ST(-JTE-Of-Th-t?.-GFT
memory baselines on four diverse and challenging benchmarks.
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And It Consistently Outperformed the Alternatives

Most impressive gain: A 56% relative
improvement over the best baseline
(MemP) on complex, multi-step tasks!
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It's Not Just Retrieving Facts, It's Verifying Entire Trajectories

MEMRL

Semantic match is only Utility-based retrieval
surface-level. selects for proven success.

For multi- -step tasks (Ilke ALFWor'Id with a +24.1 pp gcun) MEMRL learns to
value entire successful strategies. By propagating the final reward back to the
memory's Q-value, it acts as a Trajectory Verifier, filtering out brittle policies.

& NotebooklLM



FInding the Right Balance Is Key

This key looks the ' The banana got a
most like other keys really high Q-score
on that "eating” task!

Performance Risk of "Context Superior stability
plateaus early. Detachment” and performance.
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And It Finally Solves Catastrophic Forgetting

Forgetting Rate

N
Memp mean rate
2
=
e mean rate
MEMRL 0.041
>

Epoch

Forgetting Rate = tasks that regress from success to failure.
MEMRL's value-based updates are anchored by a stable policy (proven via GEM convergence),
ensuring new learning doesn't overwrite old knowledge.
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This Isn't Just a Better Memory.
It's a Path to Self-Evolving AT.

 Decouples stable reasoning from
plastic learning, resolving the
stability-plasticity dilemma.

* Enables continuous improvement
without costly fine-tuning or
parameter updates.

* Provides a robust, efficient, and
theoretically sound framework for
smarter agents that learn from
Interaction.
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MEMRL

Read the full paper: "MEMRL: Self-Evolving Agents via
Runtime Reinforcement Learning on Episodic Memory”

[QR Code to arXiv paper]

Based on the work by Shengtao Zhang, Jiagian Wang, et al.
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