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Abstract
We introduce Memento-S, a theoretical framework and production-ready system for build-
ing self-evolving LLM agents via stateful reflective memory. Building on the convergence
guarantees of the Stateful Reflective Decision Process (SRDP) established in Memento 2,
our paper is uniquely structured for two audiences: researchers can follow the cream-shaded
sections for formal analysis, while practitioners can use the blue-shaded sections for API
guides and code. Grey-shaded shared sections cover experimental setups, and Bridge boxes
connect theory to practice. Memento-S treats reusable skill folders as the unit of external
memory, so that the prompt itself carries persistent, evolving state. The agent operates
through a Read—Write Reflective Learning loop: reading retrieves the most relevant skill
via a behaviour-aligned contrastive router trained with single-step offline RL, while writing
closes the loop through an self-evolving algorithm. This enables continual learning with-
out parameter updates: the skill library grows and self-improves purely from deployment
experience. To validate these capabilities in real-world scenarios, we evaluate the system
on the General Al Assistants and Humanity’s Last Exam benchmarks. We have made our
trained skill router, verified skill library, and lightweight agent framework publicly available
at https://skills.memento.run/.
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1 The Self-Evolving Agent Problem

[ t® THE LOBBY Monday 9:47am, a startup office. The espresso machine is broken.

J: (arrives carrying a thermos of tea, surveying a wall of red Grafana dashboards) Good morning.
I see the agent is still performing at exactly 73%. Remarkable consistency, really. Like a
student who reliably gets a C+.

H: (spins around in chair, three monitors glowing) I tried throwing more GPUs at it over the
weekend. Accuracy went from 73.2% to 73.4%. Progress!

S: (without looking up from terminal) That’s within the confidence interval, H. You spent
$400 in compute to learn nothing.

H: But what if we fine-tune it on the tickets it got wrong?
J: And how many wrong tickets do you have?
H: ...about 200.

J: (sips tea) You’d overfit before the loss function finished its first cup of coffee. No. What
we need is a system that learns the way you learn, H — by remembering your mistakes and
not repeating them. Not by rewriting your neurons.

S: So, a database.
J: (smiling) A very principled database. With convergence guarantees.

S: (finally looks up) You had me at “database” and lost me at “convergence guarantees.”
But fine. Show me the architecture.

J: (uncaps a marker, draws a loop on the whiteboard) Read from memory. Act. Get feedback.
Write to memory. Repeat. I call it Read—Write Reflective Learning.

H: That’s just... a for-loop with a vector store.
J: (beaming) Exactly! But a for-loop with convergence guarantees.

S: (sighs, opens a new terminal tab) Fine. T'll build it. You prove it. H, you benchmark it.
Let’s go.

1.1 S Why Frozen LLMs Need External Memory

Modern machine learning is about learning from experience [12), [14]. At the forefront of this
evolution, Large Language Models (LLMs) have fundamentally reshaped the learning paradigm,
demonstrating exceptional performance across diverse scenarios through few-shot learning [3],
supervised fine-tuning [16], and post-training [5]. Despite their promise, however, achieving
practical utility typically requires parameter optimisation via backpropagation, which in turn
demands vast amounts of data and computational resources. In practice, the cost and complexity
of continual parameter updates mean that most LLM agents are deployed as frozen models [I8]:
their parameters 6 remain fixed after pre-training. When such an agent encounters a novel task,
it draws only on knowledge encoded in 6 and whatever fits in its context window.

1= J: This is the key premise. If 0 is fixed, all adaptation must come from the input — the prompt, the context, or
in our case, the memory. Everything else is just expensive gradient descent cosplay.

This creates a fundamental limitation: the agent is stateless and it cannot learn from its own
deployment experience. The Stateful Reflective Decision Process (SRDP) [I5] resolves this by
augmenting the agent with an episodic memory M; that grows over time (Figure |1)):
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m(a| s, M) = Z ple| s, My) priml(a | s, c), (1)
ceEM;y

where prv denotes the LLM decision kernel, s is the current state, ¢ represents a retrieved case
from the episodic memory M;, and p is the retrieval policy.

O H: Wait — so the LLM doesn’t change, but the policy changes because the memory changes? That's like. . .
levelling up in a game without upgrading your character. You just get better items.

= S: | prefer to think of it as a cache that makes you smarter. Which is basically what senior engineers are —
junior engineers with better caches.

State s READ LLM Act
(New ticket) et~ p(-|st, M) at ~ prrm(-|se, ct)

A4
Episodic WRITE Environment
Memory ./\/lt Mip1 My U {(s¢t,ae,mt)} feedback ¢, s¢41

Figure 1: Overview of the Read—Write Reflective Learning loop. Given a new task, the agent
retrieves a relevant skill from episodic memory (READ), executes it through the frozen LLM
(AcT), and incorporates the resulting feedback back into memory (WRITE). The LLM parameters
remain fixed throughout; all adaptation occurs in the memory.

& RESEARCH TRACK Formal Setup

Definition 1.1 (Episodic Memory). An episodic memory M; = {mz}f\]:’f1 is a finite, growing
collection of memory items m; := (8;, a;, i, 8;). The space of all finite episodic memories is

denoted 9.

Definition 1.2 (SRDP). Dsgrpp = (S, A, P, R, v, M, pLrMm), extending the standard MDP
with episodic memory M and an LLM decision kernel prim(a | s,c).

1= J: The critical insight: by augmenting the state to x; := (s¢, M), we recover the Markov property.
Everything old is new again — | said this in a 2003 workshop paper.

The Reflected MDP reformulates this as Drenvpp = (X, C, PHM, REM o) with transition
kernel:

PLEM 5/ | z,¢) = Z prom(a | s, ¢) 1{a' = (s', Write(M, s,a,7))} P(s' | s,a). (2)
acA

® KEY RESULT ]

Theorem 1.3 (Convergence, Memento 2 [I5], Thm. 8). Under bounded rewards
|| < Rmax and v < 1, the KL-reqularised soft policy iteration over the Reflected MDP

converges to the optimal retrieval policy p*.
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1.2 P From Zero to Self-Evolving Agent

,.[ </> PRACTITIONER TRACK Getting Started in 5 Minutes |

O H: Can I pip-install convergence guarantees?

= S: No, but you can pip-install the system that has them.

Installation:

$ curl -sSL https://raw.githubusercontent.com/Agent-on-the-Fly/

Memento-S/main/install.sh | bash

Configuration (config.yaml):

API_KEY="your -api-key"
BASE_URL="your -api-url"

MODEL="your -model"
SEARCH_API_KEY="your -search-api-key"

Your first self-evolving agent:

anthropic/claude-sonnet—4.5
bash_tool, str_replace, file_create, view, read_skill
Type /help for commands.

/help Show this help

/status Show session status

/skills  Search cloud skills or list local skills
/config View/update .env config (api/model/etc.)
/history Show session history window

/clear Clear conversation context/history

/exit Exit the CLI

Figure 2: The CLI of Memento-S.

1.3 S Connecting Theory to Configuration

p [ & BRIDGE: From Result to Theorem ] .
In the theory of Memento 2 [15], we cast Read—Write Reflective Learning as an implicit form
of policy iteration. The agent maintains a skill library and performs two key operations.
Writing consolidates interaction outcomes into reusable skills, corresponding to policy
evaluation; reading retrieves relevant skills to inform reflective decisions, corresponding to

policy improvement.
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Figure 3: The architecture of the Self-Evolving Agent based on Read-Write Reflective
Learning.

O H: So when | use BM25 to retrieve skills and the agent kept retrieving the similar but useless skill over
and over, that was. ..

= J: Policy stagnation. If the retrieval doesn’t facilitate a better decision, the Policy Improvement step
fails, and your 'Self-Evolving’ agent effectively stops evolving and starts ruminating. You re-discovered a
known failure mode. Congratulations.

Contributions. Our main contributions are:

1. Skill-level reflective learning. We instantiate the SRDP framework of Memento 2
with a concrete system, Memento-S, that treats reusable skill folders (code, prompts,
and declarative specs) as the unit of memory, enabling continual learning without any
parameter updates.

2. Behaviour-aligned skill router. We train a contrastive retrieval model via single-step
offline RL, casting skill routing as a KL-regularised Boltzmann policy that optimises for
execution success rather than semantic similarity.

3. Empirical validation. We evaluate on GAIA and HLE, demonstrating that the
self-evolved skill library substantially outperforms the read-write baseline and that
domain-aligned skill transfer is the key enabler of cross-task generalisation.
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2 Read—Write Reflective Learning

t® THE LOBBY Wednesday 2pm, the whiteboard is covered in dried-out equations }

J: (pointing at the learning curve on H’s monitor) See that? Accuracy went from 73% to 84%
in three days. Without touching the model.

H: I plotted the memory coverage radius too. (pulls up a chart) It’s decreasing like O(nfl/ 4,
just like you predicted!

S: I'm more interested in why it retrieved the wrong case for ticket #4,721. Customer
asked about a refund, agent retrieved a case about password resets. Cosine similarity was
0.91.

J: Ah, the curse of embedding similarity. High cosine doesn’t mean behavioural utility. In
a library of 8,000 skills, semantic overlap is just noise.

H: Can’t we just use End-to-End RL to fine-tune the router? Let the agent learn from its
own interaction outcomes?

S: (deadpan) H, we have 8,000 skills but only a few hundred real-world tasks. The exploration
space is a desert. If we wait for the agent to “stumble” upon the right skill through random
exploration, we’ll all be retired before it converges.

J: Correct. The exploration-exploitation gap is too wide for on-policy learning. That’s why
we move to the One-step Offline view. We use the LLM as a “Simulator” to synthesise a
dense field of positive and hard-negative queries. We aren’t just matching strings; we are
fitting a Q-function that predicts execution success before the first token is even generated.

H: (opening a notebook titled “Things Prof J Says That Turn Out To Be Right”) OK, so synthetic
goals, behaviour-aligned routing and then one-step RL. I'm listening.

2.1 S The Skill-Level Read—Write Loop

Our self-evolving agent is grounded in the theory of Read—Write Reflective Learning [I5], which
provides the theoretical foundation for read—write memory updates as policy iteration. Empirically
Memento [20] and case-based reasoning LLM agents [7, 6] validate this principle across deep
search, data science, and software engineering. As illustrated in Figure [T} the skill library serves
as an external, writable memory, and the agent alternates between (i) reading skills to induce an
execution policy for the current goal and (ii) writing updates back to the skill artefacts based on
post-hoc reflection.

This mirrors a policy-iteration view: Reading corresponds to policy improvement: the agent
retrieves the most relevant skill via a router conditioned on the current query and the accumulated
tip memory, then executes the skill’s multi-step workflow to produce an answer. Writing closes
the loop by combining policy evaluation and policy improvement at the skill level: the agent
first evaluates by recording execution outcomes and diagnostic traces, then improves by using
those traces to revise the skill artefacts that will govern future episodes. Crucially, the memory is
not limited to episodic traces but consists of reusable skill folders, each containing a declarative
specification (SKILL.md) together with helper scripts and prompts. Because the write operation
rewrites the prompt or program that will be executed next, each write step directly improves the
policy embodied in the skill.

This self-evolving mechanism draws on a principle familiar from biological motor learning [9]:
early in skill acquisition, performance depends on deliberate, high-level planning; with repeated
practice, neural pathways consolidate and execution becomes increasingly automatic [2]. Analo-
gously, a newly created skill in Memento-S may be brittle and narrowly scoped, but through
iterative revision it is consolidated into a robust, reusable routine—effectively forming muscle
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memory for recurring task patterns. Existing approaches to automatic skill learning either
produce text-only guides that amount to prompt optimisation [13| [I] or overfit to single-task tra-
jectories with limited transferability [8]. In contrast, Memento-S learns executable, multi-artefact
skills and refines them through a structured write pipeline that operates at two granularities.
Concretely, after a failed attempt, an LLM-based failure attribution selector first examines the
full execution trace and the judge’s rationale to identify the single skill most responsible for
the error, performing credit assignment at the skill level. Given this diagnosis, a skill rewriter
then proposes targeted file-level updates that add guardrails or alternative strategies for the
observed failure mode while preserving the skill’s generality. When the running utility of a
skill (its empirical success rate) drops below a threshold, indicating that in-place patching is
insufficient, the system escalates to skill discovery: it either restructures the existing skill folder
with a fundamentally different approach or synthesises an entirely new skill, expanding the library
to cover novel regions of the task space. To prevent regression, all mutations are guarded by an
automatic unit-test gate, a synthetic test case is generated, executed through the updated skill,
and scored by the judge [19].

,[ @ KEY INSIGHT |

The Read—Write looli is the heartbeat of Memento-S. Every interaction follows five steps:
Observe — Read — Act — Feedback — Write.
,[ Q2 ALGORITHM Read—Write Reflective Learning !

Require: Utility threshold ¢, minimum samples ny,;,, max feedback rounds K
1: Initialise skill library Sy <= Spase, tip memory 7y < &, utility table Uy(s) < 0.5 Vs
2: fort=0,1,2,...do
3: (1) Observe: Receive task ¢; form augmented input z; = (q¢, Tz)

4:  (2) Read [Skill Selection]:

5: Route: ¢; < Router(zy, St)

6: if ¢; = @ and CREATEONMISS enabled:

7 ¢ < CreateSkill(z,); S+ St U {c}

8:  (3) Act: Execute multi-step workflow a; <— LLM (x4, ¢t)
9:  (4) Feedback [Judge:

10: r¢ < Judge(qs, at, a}) {binary correctness + rationale}

11:  (5) Write [Reflective Update]:

12: (ba) Utility update: Uiti(ct) + Wm

13: if 7, = CORRECT: continue

14: (5b) Tip memory: 741 < T: U {GenericTip(qs, at, )}

15: (5¢) Skill evolution:

16: cl < TargetSelector (trace;, r, SF¥") {LLM-based failure attribution}

17: if Uy(ch) < 6 and n(ct) > npin: {discover alternative}

18: ¢+ DiscoverSkill(cl, x, trace;); Sii1 < S; U {c'}

19: else: {optimise existing skill in-place}

20: Si11 < OptimizeSkill(cl, 2, trace;, Sy)

21: if UNITTESTGATE: validate Sy, 1(cT); rollback on failure

22: (5d) Feedback retry (< K rounds):

23: ay LLM(xt,clpdated); r; < Judge(qt, a;, a})

24: if 7, = INCORRECT: repeat (5b)—(5d)

25: end for

= J: Steps 2 and 5 are exactly policy improvement and policy evaluation. This is not a metaphor — it is a
mathematical identity. | will die on this hill.
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= S: And steps 1-4 are basically what every web server does: receive request, look up cache, generate response,
log result. We've been doing “reflective learning” in production for decades. We just didn’t have convergence
guarantees.

2.2 R InfoNCE Routing as a One-Step Soft Policy

& RESEARCH TRACK Contrastive Retrieval as KL-Regularised One-Step RL

Offline RL Router for Behaviour-Similar Retrieval. We find that purely semantic
routers (e.g., BM25 [I1] or embedding routers such as Qwen-Embedding [I7]) are insufficient
for skill selection, because they primarily capture semantic similarity between the user
goal and skill text rather than behavioural similarity—i.e., whether executing a skill would
produce the desired trajectory and outcome. To better align routing with execution
behaviour, we train the router with single-step offline RL on top of an embedding model, so
that retrieval optimises for behaviour similarity instead of lexical or semantic proximity.
Skill database and synthetic query generation. In order to train a behaviour-similar
retrieval model, we first crawl a local skill database of roughly 8k skills, and randomly
sample about 3k skills as seed data to synthesise realistic user routing goals. To align the
synthesised goals with the agent’s logic stream, we generate queries using only the skill
name and description (without access to the full skill file), and then apply an LLM-based
judge [19] that does read the full skill file to filter and verify the quality of the synthetic
queries. This produces high-quality paired data consisting of positive queries (the target skill
should be selected) and hard negatives (same domain and terminology, but the target skill
is not the right tool). We include the full prompt used for query synthesis in Appendix .
Router score and multi-positive InfoNCE. Let ency(-) map a skill document d and
a routing goal ¢ to embeddings in R™:

e(d) = ency(d), u(q) = ency(q), s(d,q) = e(d) "u(q).

In a minibatch of B skills {d;}, each d; has positives Q;r and hard negatives Q; . Using all
in-batch queries

B

= U@tuap,
we minimise the multi-positive InfoNCE loss (temperature 7):
2 qear exp (5(di, ) /T) . ZB:ﬁ
quQeXP (s(dlaq)/T) ’ B B i=1 "

One-step offline ()-learning view. Cast routing as a one-step MDP: state ¢, action d,
reward 7(q, d) indicating whether d is the right skill. With horizon 1,

Q*(q,d) = E[r(q,d)].

We interpret the learned score as a soft Q-function, Qg (g, d) x s(d, q), yielding a Boltzmann
routing policy

ﬁi = — log

exp(Qo(g, d)/7)
Y exp(Qo(g, d')/7)

This policy is equivalently the maximiser of a KL-regularised objective (uniform prior m):

7*(- | q) = argmax {_E [Qo(g,d)] — 7KL(r || m0) }.

mo(d | q) =

O H: So a small T means “I'm pretty sure—pick this one,” while a large T means “no rush—spread probability
mass around and take a broader look.”
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Why InfoNCE matches “policy fitting” in one step. InfoNCE has the form “push
up positives, push down competitors” under the same softmax normaliser used by mg. Hence
minimising £ is (approximately, via in-batch normalisation) maximum-likelihood training
that makes my place high probability mass on the logged rewarding pairs (positives) while
suppressing hard negatives—i.e., single-step offline policy improvement for routing.

2.3 P Implementing the Retrieval Pipeline

| </> PRACTITIONER TRACK The Retrieval Engine, Line by Line |

)

== S: Here's the core retrieval class. Every line maps to an equation. | added the references in comments so
H stops asking “but why?”

Listing 1: Core retrieval policy implementation ./core/skill_engine/skill _catalog.py

def route(goal, skills, method, k):
if skills empty: return []
= clamp(k, 1, len(skills))

name_to_skill = build_name_index(skills)
if name_to_skill empty: return []

docs = get_doc_embeddings (skills, method)
runtime = load_runtime (docs)

q = embed(runtime, instruction + goal)
if any failure: return bm25(goal, skills, k)

sims = cosine_or_dot(q, docs.embeddings)
for idx in argsort_desc(sims) with oversampling:
name = docs.names [idx]
if name unique and name in name_to_skill:
output append name_to_skill [namel
if len(output) == k: break
return output

€ SHARED TRACK Router Evaluation

Skill source filtering and deduplication. We first collect candidate skills from public
GitHub repositories and unify them into a JSONL catalog. To retain only mature and
broadly adopted skills, we keep entries with stars > 500 and drop the rest. We then
normalise description whitespace, compute a SHA-256 hash of each normalised description,
and deduplicate by hash to remove duplicated or near-duplicated skills. When multiple rows
share the same hash, we keep a single representative by a deterministic score: higher stars,
then newer updatedAt, then lexicographically larger id. We optionally apply a second pass
of name-level deduplication with the same tie-breaking rule. The resulting curated catalog is
used as the base skill universe for router training data generation. We publicly open-source
the dataset at https://skills.memento.run/market/.
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Figure 4: Router evaluation: synthetic retrieval quality (left) and end-to-end execution
success (right).

Experimental Setting. We evaluate the performance of the skill router from two
complementary angles: (i) offline retrieval quality on synthetic queries, and (ii) end-to-
end effectiveness on real execution trajectories. We use the Qwen3-Embedding-0.6B [f] as
embedding model.

Results. We report Recall@K over 140 synthetic routing queries, where a query is a
hit if the ground-truth skill appears in the top-K candidates. As shown in Fig. EI (left),
Memento-Qwen consistently outperforms both BM25 and the Qwen3 embedding baseline
across all values of K. Most notably, Recall@1 rises from 0.32 (BM25) and 0.54 (Qwen3) to
0.60, a relative gain of 10% over the strongest semantic baseline. By K=10 the gap widens
to 0.90, indicating that behaviour-aligned training not only sharpens the top-1 pick but
also populates the candidate list with more relevant alternatives—a property that matters
in practice because the agent can fall back on lower-ranked candidates when the top choice
fails.

To test whether offline retrieval gains translate into real execution improvements, we measure
two end-to-end metrics: route hit rate (whether the router’s top-1 choice is an appropriate
skill for the task) and judge success rate (whether the full trajectory actually solves the task).
Fig. [4] (right) reveals that Memento-Qwen lifts route hit rate from 0.29 (BM25) and 0.53
(Qwen3) to 0.58, and judge success rate from 0.50 and 0.79 to 0.80. The disproportionately
large improvement over BM25 confirms that lexical matching is a poor proxy for behavioural
utility: many skills share domain terminology yet require fundamentally different execution
strategies. Meanwhile, the smaller but consistent gain over Qwen3 shows that even dense
semantic embeddings under-represent execution-relevant features, and that the single-step
RL fine-tuning effectively injects behavioural signal into the embedding space.

“https://huggingface.co/Qwen/Qwen3-Embedding-0.6B

R = Research Track P = Practitioner Track S = Shared
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3 Benchmark Evaluation

,—[ t® THE LOBBY Wednesday 2pm, Zoom call. Cameras on. }—

H: (shrugs, sharing screen with a confusion matriz) Look, synthetic data is enough. Generate
10K queries, measure classification accuracy, call it router quality. I can have results by
Friday.

J: (leans forward, frowning at the matriz) Not enough. Accuracy is a proxy. Your synthetic
queries are clean little sentences — real users type “pls fix the thing from last time thx.”
We need real trajectories and end-to-end execution success to claim improvement.

S: (deadpan, arms crossed) Both of you are missing the point. If the agent retrieves a case
that says “delete the user’s config and start fresh” and the LLM ezxecutes it, none of your
metrics matter. The customer’s environment is on fire and your confusion matrix says

94%.
H: (pinches bridge of nose) You're turning one evaluation metric into three separate projects.

J: (pointing at the camera) Because “looks correct on paper” and “works end-to-end” are
fundamentally different failure modes. I have a 2007 paper about this.

S: (tilts head) And “works” and “safe to run in production” are different failure modes
again. I have a 3am incident report about this.

H: (typing reluctantly, adding rows to a spreadsheet) Fine. So what do we actually write in the
paper?

J: (counting on fingers) Two validations we can run now. One: synthetic retrieval quality —
does the router pick the right case? Two: trajectory success — does the full loop actually
solve the task?

S: (nods once) And we state clearly: each one covers a different failure mode. Passing both
is necessary. Passing only one is a press release, not a result. Sandbox safety — whether
it solves the task without breaking anything else — is the third axis, but that requires a
proper isolation harness. Future work.

H: (muttering while typing) Three benchmarks. Three weeks. I’'m naming them Goku, Vegeta,
and Piccolo.

S: As long as the CI pipeline passes, you can name them whatever you want.

3.1 S Experimental Setup and Results

F[ £ SHARED TRACK Which Benchmark is suitable for Memento-S? ]

Experimental Settings. To validate the progressive capability expansion and skill-
learning proficiency of Memento-S, we evaluate our system on two representative benchmarks:
General Al Assistants (GAIA) [10] and Humanity’s Last Exam (HLE) [4]. These datasets
naturally align with our objective of testing an agent’s ability to create, refine, and reuse
skills across diverse reasoning tasks.

General AI Assistants (GAIA). GAIA comprises non-trivial, real-world questions with
unambiguous answers that demand a combination of multi-step reasoning, multi-modality
handling, web browsing, and general tool use. This environment serves as an ideal testbed
for our skill-learning scenario, requiring the agent to dynamically synthesise and apply
distinct skills to solve varied problems. From the GAIA validation set, we utilise 165

R = Research Track P = Practitioner Track S = Shared
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questions, splitting them into 100 training examples and 65 test examples.

Humanity’s Last Exam (HLE). Developed by human experts, HLE is designed to assess
the limits of broad-domain reasoning and contains 2,500 questions across 8 diverse academic
subjects (e.g., mathematics, humanities, and natural sciences). For our experiments, we
sample a subset of questions evenly distributed across these categories, resulting in 788
training examples and 342 test examples. This structure allows us to evaluate how effectively
Memento-S leverages and transfers learned skills between different questions within the
same subject domain.

Baselines. To isolate the contribution of the self-evolving mechanism, we compare
Memento-S (the full system) against a Read-Write ablation that retains the same
read—write reflective learning loop—skill retrieval, LLM execution, and feedback collection—
but disables all skill-level optimisation: no failure attribution, no skill rewriting, and no
skill discovery. In effect, the Read-Write ablation uses a static skill library throughout
evaluation, so any performance gap directly reflects the value of the self-evolving pipeline

described in

_[ € SHARED TRACK Results of GAIA. ]

We evaluate Memento-S on the GAIA benchmark with a maximum of three reflective retries
per question. As shown in Figure [5] the self-evolving mechanism continuously refines the
skill library through iterative interaction: the overall training success rate climbs from 65.1%
on the first attempt to 91.6% by the third round. On the unseen test set, the full Memento-S
system achieves 66.0% overall accuracy, compared with 52.3% for the Read-Write ablation,
confirming that the skill optimisation pipeline contributes a 13.7 percentage-point gain
beyond what retrieval and execution alone can provide.

Limited cross-task transfer on GAIA. The gap between training-peak and test-set
accuracy reveals an important structural property of the benchmark: GAIA questions are
highly diverse, with little overlap in the reasoning patterns required. A case study confirmed
that most skills optimised during training were never triggered during testing, because no
sufficiently similar test question existed. This result suggests that skill transfer depends on
domain alignment, a hypothesis we test directly on HLE below, where structured subject
categories provide natural opportunities for reuse.

(a) Training Set Accuracy (b) Test Set Accuracy

100 -
EBAE First Try X0 Round 1 XN Round 2 E&S Round 3 I Read-Write

100 - 96.6 71 Memento-S
3.

72.772.772.7

Success Rate (%)
Accuracy (%)

Level 1 Level 2 Level 3 ALL Level 1 Level 2 Level 3 ALL
Difficulty Level Difficulty Level

Figure 5: GAIA results: training accuracy across retries (left) and test-set comparison with
the Read-Write baseline (right).

R = Research Track P = Practitioner Track S = Shared
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£ SHARED TRACK Results of HLE.

Table [1| reports per-category accuracy on HLE across four training rounds (RO-R3) and
the final test-set evaluation. During training, the overall success rate rises steadily from
30.8% (RO) to 54.5% (R3), with every subject category showing consistent improvement.
Humanities and Biology benefit the most, reaching 66.7% and 60.7% respectively by R3,
while Engineering saturates earlier at 42.1%, suggesting that some domains are harder to
cover with skill-level abstractions alone.

On the test set, Memento-S achieves 38.7% overall, more than doubling the Read-Write
baseline (17.9%). Unlike GAIA, the structured subject taxonomy of HLE enables substantial
skill transfer: a skill refined on one Biology training question is frequently reused for unseen
Biology questions in the test set. This confirms that domain-aligned skill libraries are the
key enabler of cross-task generalisation.

Round Bio. Chem. CS Eng. Human. Math Other Phy. Total
Training Set

RO 30.3% 38.8%  19.8% 27.6% 36.9% 30.0% 41.8% 21.1% 30.8%
R1 42.7%  471%  36.0% 38.2% 50.0% 43.8% 51.9% 35.5% 43.2%
R2 50.6%  51.8%  43.0% 42.1% 59.5% 47.5%  55.7% 44.7%  49.5%
R3 60.7%  62.4%  46.5% 42.1% 66.7% 51.2%  57.0% 47.4% 54.5%
Test Set

Read-Write 22.0% 21.9% 12.2% 21.7% 11.4% 20.0% 25.5% 10.9% 17.9%
Memento-S  57.4%  27.6%  30.8% 21.7% 41.0% 41.5%  46.3% 32.6% 38.7%

Table 1: Performance of Read-Write baseline (test set) and across rounds (train set, RO-R3).

£ SHARED TRACK Skill Library Growth.

Figure [6] visualises the skill library after learning on each benchmark via t-SNE projections
of skill embeddings. Starting from the same 5 atomic skills (red stars), GAIA learning
produces a compact library of 44 skills, reflecting the benchmark’s diverse but relatively small
question set. In contrast, HLE learning expands the library to 240 skills that spread across
a much wider embedding space, mirroring the breadth of its 8 academic domains. Notably,
the learned skills (blue dots) cluster into semantically coherent neighbourhoods; each
cluster corresponds to a domain-specific capability the agent acquired through reflective self-
evolution. This progressive densification of the embedding space is precisely the mechanism
that drives the convergence phenomenon analysed in the Bridge below: as the library grows
denser, the memory coverage radius 7 shrinks, and the performance gap narrows.
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i\’ Atomic Skills (5) @ Learned Skills

Semantic Skill Classes

@ Search/Web (48) @ Math / Chemistry (44) © Download / Verify (28) @ Chess/ Game (20)
@ Quantum / Physics (47) O Code / Text (38) @ Clinical / Excel (27) @ Python / Script (19)
(a) After GAIA Learning (b) After HLE Learning
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Figure 6: t-SNE projection of skill embeddings. Red stars denote the 5 atomic (seed) skills;
blue dots denote skills learned through reflective self-evolution. (a) After GAIA learning the
library grows to 44 skills. (b) After HLE learning the library expands to 240 skills spanning
diverse academic domains.

.2 S Bridge: From LLM Competence Radius to Embedding Quality

( & BRIDGE: From Result to Theorem |

L J
Look again at Table[l} training accuracy climbs from 30.8% (RO0) to 54.5% (R3), with the steepest gain in
the first round and progressively smaller increments thereafter. Two things are happening simultaneously
with each round: (i) existing skills are refined: reflection patches failure modes, so each skill covers a
wider neighbourhood of queries; and (ii) new skills are added to the library, shrinking the gaps between
covered regions. Together, these two forces drive the diminishing-returns curve we observe: early rounds
yield large jumps because the library is sparse and skills are rough; later rounds yield smaller gains because
most of the reachable space is already well-covered. Figure [6] makes this concrete: comparing the GAIA
library (44 skills) with the HLE library (240 skills), we see that additional learning rounds fill in the gaps
between existing clusters until the embedding space is densely covered, at which point adding more skills
yields diminishing returns because nearby skills already exist.

This convergence behaviour is not accidental; it is exactly what the theory of Memento 2 predicts. The
asymptotic value gap (Corollary 15, Memento 2) decomposes as:

* T 2Rmax
5181p|V (s) = V™(s)| < W(sLLM(TM)Jr ).

LLM quality retrieval error
performance gap

As the library grows (more episodes), the memory coverage radius r a4 shrinks, which simultaneously
reduces eLm (A1) (the LLM only needs to generalise over a smaller neighbourhood) and d (the router
is more likely to find a behaviourally relevant skill). Once both terms are small enough, further rounds
produce only marginal improvement: the system has converged.

The bound also reveals three independent knobs for reducing this gap:
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Three Independent Knobs

Stronger More Better
LLM Episodes Embedding

reduces £1,1,m reduces 7 xq

reduces 6 pq

= J: The convergence you see in the table is the bound tightening in real time. Each round shrinks 7,
which pulls down both other terms. And because the three knobs are independent, you can improve any one
without touching the others. That's why the system is modular.

= S: Translation: the diminishing returns aren't a bug; they're a sign the system is converging. And if |
want to push accuracy further, | have three independent levers: upgrade the embedding model on Tuesday,
swap in a better LLM on Wednesday, and run more episodes on Thursday.

W EPILOGUE Friday 5:30pm. The espresso machine has been fixed.

S: (showing Grafana) 93.5% accuracy. p99 latency 195ms. Zero gradient updates. I'm
buying the espresso machine a thank-you card.

H: T ran the ablation study. Removing the skill optimisation drops accuracy by 8%.

Removing the Memento-QWEN causes retrieval collapse. The theory... actually predicted
all of this.

J: (sipping espresso, looking insufferably pleased) I believe the phrase you’re looking for is “Prof
J was right.”

S: Don’t push it. But I do want to know: what happens when we hit a million cases?” Does
the Parzen kernel scale?

H: And can we get the convergence rate? Not just “it converges” but “it converges in
O(n~1/4) episodes”?

J: (standing, reaching for the whiteboard marker) Those are exactly the right questions. Chapter
3.

S: (to H, whispering) He planned this. He always plans this.

R = Research Track P = Practitioner Track S = Shared
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4 Conclusion

We have presented Memento-S, a system that bridges the gap between memory-based learning
and skill-based learning for LLM agents. The central insight is to treat executable skills as the
unit of external memory, thereby transferring the theoretical guarantees of the Stateful Reflective
Decision Process into a concrete, deployable artefact. Through the Read—Write Reflective
Learning loop, the agent autonomously acquires, refines, and reuses these skills from deployment
experience alone, requiring no parameter updates to the underlying LLM. A behaviour-aligned
contrastive router, trained via single-step offline RL, ensures that retrieval optimises for execution
success rather than surface-level similarity. Experiments on GAIA and HLE confirm that
this skill-as-memory formulation substantially outperforms a static-library ablation, and that
cross-task transfer is strongest when skills are aligned with structured domain categories. More
broadly, Memento-S demonstrates that continual learning need not reside in model weights: an
ever-growing, self-improving skill library can serve as a persistent, non-parametric intelligence
layer that any frozen LLM can draw upon.
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A Prompt for Synthetic Router Goals

Prompt for synthetic router goals

Target skill:

- name: {skill _name}

- description: {description}
- keywords: {keywords_block}

Task:

Generate synthetic router goals (queries) for this target skill.
The router state is ONLY a text goal (routing_goal).

Write realistic user-style goals.

Need:

- {need_pos} positive queries: target skill SHOULD be selected.

- {need_neg} hard negative queries: relevant to the same domain
BUT target skill is not useful / not the best tool.

Hard negative requirements:

- Must look plausible and close to the target domain.

- Must share terminology/theme with the skill.

- Must be "relevant but useless" for THIS target skill.
- Avoid obvious cues like "do not use <skill>".

Style requirements:

- Do not mention the skill name directly.

- Keep each query concrete, actionable, and non-trivial.
- Mix concise and mildly noisy phrasing.

- English only (to match downstream tokenizer).

Already accepted positive queries (avoid duplicates):
{existing_pos_block}

Already accepted negative queries (avoid duplicates):

{existing_neg_block}

Return ONLY JSON in this schema:

{
"positive_queries": [
{"query": "...", "why_fit": "..."}
1,
"negative_queries": [
{"query": "...", "why_relevant": "...", "why_useless": "..."}
]
b

R = Research Track P = Practitioner Track S = Shared
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