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Abstract translate hypotheses into formulas, repair invalid

LLM agents are promising for alpha mining via
combining financial priors, symbolic reason-
ing, executable factor generation, and feedback-
driven refinement. Yet, they face a com-
binatorial search space, noisy non-stationary
feedback, redundant discoveries, and over-
fitting risks from naively reusing past suc-
cesses. To address these challenges, we pro-
pose AlphaMemo, a self-evolving alpha min-
ing agent with Structured Search-Process Mem-
ory. Rather than memorizing only final fac-
tors or full trajectories, AlphaMemo records
reusable evidence about which edit motifs work
or fail under specific parent-factor contexts.
It extracts motifs from Abstract Syntax Tree
(AST) differences, applies confidence-gated
residual memory on top of a search-ledger
prior, and uses asymmetric veto control to sup-
press high-confidence failure patterns. Exper-
iments on CSI 500 and S&P 500 show im-
proved out-of-sample performance and fixed-
budget discovery efficiency, with ablations vali-
dating the roles of residual learning, confidence
gating, AST-diff motifs, and veto memory.
Codeis at https://github.com/jarrettyu/
AlphaMemo.

1 Introduction

Alpha factor mining seeks predictive and inter-
pretable signals for future asset returns, typically
by representing each formulaic alpha as a sym-
bolic expression over price-volume variables and
selecting it into a factor pool through backtest-
ing under quality and diversity constraints. The
field has evolved from human-designed anoma-
lies and empirical asset-pricing factors (Fama and
French, 1993; Kakushadze, 2016; Gu et al., 2020)
to machine-learning predictors and automated sym-
bolic search (Chen et al., 2021; Yu et al., 2023; Shi
et al., 2025a; Zhu and Zhu, 2025). This executable-
feedback loop makes alpha mining a natural setting
for LLM agents, which can use financial priors,

expressions, and refine candidates from numerical
feedback (Wang et al., 2025; Kou et al., 2025; Li
et al., 2024; Tang et al., 2025). More broadly, be-
cause self-evolving agents improve by persisting
experience across trials (Gao et al., 2025; Fang
et al., 2025), alpha-mining agents should accumu-
late search experience rather than restart each gen-
eration from scratch.

However, self-evolving LLLM agents face key
challenges in alpha mining: symbolic search
is combinatorial, feedback is noisy and non-
stationary, discoveries are often redundant, and
reusing past successes can worsen overfitting. Ex-
isting workflows typically store feedback as final-
factor scores or unstructured histories, which are
too coarse for credit assignment: they do not reveal
which local edit caused a child factor to succeed
or fail, while full trajectories are costly to retrieve.
We therefore argue that memory should target the
search process itself, recording which edit motifs
help or fail under specific parent-factor contexts.
The challenge is to use this process memory as
a calibrated correction to the factor-library prior,
which already captures quality, redundancy, depth,
lineage, and search pressure, rather than as an un-
constrained controller.

To address these challenges, we propose Al-
phaMemo, a self-evolving alpha-mining agent
built around Structured Search-Process Memory
(SSPM). AlphaMemo treats the factor library as an
executable search ledger and learns an edit-level
residual memory on top of this ledger. For each
candidate action, represented by a parent factor and
an edit motif, AlphaMemo first scores the parent us-
ing the search ledger and then applies a confidence-
gated residual correction learned from past parent-
context/edit outcomes. When evidence is sparse
or unstable, the memory contribution vanishes and
the agent falls back to the base search prior. This
design makes memory conservative: it can cor-
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rect systematic local blind spots, but noisy early
observations cannot easily dominate parent-edit se-
lection.

AlphaMemo further introduces an edit represen-
tation that matches how LLMs actually modify
symbolic formulas. Rather than relying only on
manually specified mutation labels, AlphaMemo
extracts edit motifs from the abstract syntax tree
(AST) difference between a parent expression and
its child. This produces a compact symbolic ab-
straction of LLM-generated edits, enabling credit
assignment at the level of reusable search behavior.
In addition, AlphaMemo uses an asymmetric pro-
cess veto: high-confidence negative patterns can
veto a candidate action, while positive patterns pro-
vide only a soft boost. This asymmetry reflects a
practical property of financial search: positive al-
pha signals are often fragile and regime-dependent,
whereas invalid, redundant, or over-mined edit pat-
terns can be more stable failure modes.

We evaluate AlphaMemo on CSI 500 and S&P
500 from Qlib (Yang et al., 2020) under a com-
mon 20-trading-day formulaic alpha-mining proto-
col. The evaluation considers both out-of-sample
factor-pool performance and fixed-budget discov-
ery efficiency. Experiments show that AlphaMemo
achieves strong predictive and portfolio-level per-
formance compared with representative baselines,
and discovers more effective non-redundant fac-
tors under the same generation budget. Ablation
studies further show that residual learning, confi-
dence gating, AST-diff edit motifs, and asymmetric
veto memory are all important: removing these
components makes memory less stable, reduces
discovery yield, or increases sensitivity to early
noisy feedback. Code is at https://github.com/
jarrettyu/alpha_memo.

2 Related Work

Self-evolving agents. Self-evolving agents up-
date prompts, tools, memories, policies, or model
parameters from interaction feedback (Gao et al.,
2025; Fang et al., 2025). Among these targets,
memory is appealing because it enables adaptation
without parameter updates. Prior agents store re-
flections (Shinn et al., 2023), use persistent external
state for long-horizon interaction (Yao et al., 2023;
Park et al., 2023; Packer et al., 2023; Wang et al.,
2023), maintain experience buffers or learned mem-
ory operations (Liu et al., 2025; Wei et al., 2025;
Yan et al., 2025; Yu et al., 2026), and preserve

structured intermediate states in tree search, pro-
gram search, prompt evolution, or code evolution
(Zhou et al., 2024; Antoniades et al., 2025; Zheng
et al., 2025; Guo et al., 2024; Romera-Paredes
et al., 2024; Lee et al., 2025; Novikov et al., 2025).
These methods show that external state can im-
prove test-time behavior, but also raise the local
credit-assignment problem: after a multi-step tra-
jectory, which decision caused success or failure
(Zeng et al., 2025).

AlphaMemo studies this issue in symbolic fi-
nancial search by storing structured edge-level evi-
dence: which edit motif, under which parent-factor
context, yields residual gain beyond the base search
prior.

LLM agents for alpha mining. Formulaic alpha
mining has moved from genetic programming and
reinforcement-learning search over symbolic ex-
pressions (Zhang et al., 2020; Chen et al., 2021;
Yu et al., 2023; Shi et al., 2025a; Zhu and Zhu,
2025; Jiang et al., 2025) to graph-based, gen-
erative, and diversity-aware discovery (Li et al.,
2025; Zhao et al., 2025; Chen et al., 2025; Ding
et al., 2025). LLM-based systems further trans-
late natural-language ideas into executable factors,
refine them through feedback, combine genera-
tion with evaluation and portfolio construction, or
use neural-symbolic and multi-agent workflows
(Wang et al., 2025; Kou et al., 2025; Li et al., 2024;
Tang et al., 2025; Li et al., 2026). Related refiners
use feedback, chain-style reasoning, multi-agent
search, or Monte Carlo tree search for local formula
improvement (Luo et al., 2025; Shi et al., 2025b).
Recent self-evolving alpha-mining systems adapt
at different levels, including policy learning (Tang
et al., 2026), full hypothesis-expression-code trajec-
tories (Han et al., 2026), and experience memories
of successful and forbidden patterns (Wang et al.,
2026).

AlphaMemo is complementary: it keeps the in-
terpretable formulaic setting and structured factor-
library state, but makes self-evolution an in-
spectable process memory over parent contexts and
AST-diff edit motifs rather than a policy update,
terminal-result memory, or full trajectory store.

3 Problem Formulation

Alpha mining. Let A" denote a panel of market
features such as open, high, low, close, volume, and
derived price-volume variables. A formulaic alpha
factor f is an executable symbolic expression that
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Figure 1: Architecture of AlphaMemo. The framework combines a search-ledger prior with Structured Search-
Process Memory (SSPM) over AST-diff edit motifs. Parent-edit actions are scored through confidence-gated residual
fusion, filtered by an asymmetric process veto, and updated after evaluation with residual and failure observations.

maps X to a cross-sectional score f; ; for asset ¢ on
date ¢. Following standard alpha-mining practice,
the factor is evaluated against a future return tar-
get r; 1, where h is the prediction horizon. The
system searches for a factor pool P that is both
predictive and non-redundant, rather than a single
isolated best expression.

Evaluation. Each evaluated factor receives a

quality vector

y(f) = {IC, ICIR, RankIC, RankICIR,
AR, MDD, SR},

where IC and RankIC measure Pearson and rank
correlations with future returns, ICIR and RankI-
CIR measure temporal stability, and AR, MDD,
and SR measure portfolio-level utility. During
search, the agent may use training and validation
feedback to update its state, but the final test period
is held out. We write Q(f) for the scalar quality
used by the search algorithm, typically validation
or training |ICIR| under a diversity constraint.

Factor-library search ledger. We model iter-
ative alpha mining as a structured search ledger
G = Vi, &). Each node v € V), is an evaluated
factor. Each directed edge (p, ¢) € & records that
child factor c was generated by editing parent factor
p. A base scorer assigns a parent score Siedger (P)
based on factor quality, diversity, depth, retrieval
frequency, and lineage information. This captures a
library-state prior: the factor pool is not an unstruc-
tured bag of formulas but an auditable record of

evaluated attempts, parent-child edits, and repeated
search pressure.

Structured search-process memory. The cen-
tral object in AlphaMemo is a memory item at-
tached to a factor edge, not only to a factor node.
For a generated edge (p, ¢), we extract

e = (z(p),m(p,c),d(p,c), s(p,c)), €))

where z(p) is the parent context, m(p, c) is the edit
motif extracted from the parent-child AST differ-
ence, 0(p, ¢) is the residual outcome beyond the
base expectation, and s(p, ¢) records whether the
attempt was invalid, rejected, admitted, or high
quality. The memory table aggregates these edge-
level observations so that later search can ask: un-
der a similar parent context, which edit motifs have
historically produced reliable residual gains?

The parent context is a compact discretization of
the state around p:

z(p) = (9(p); bg(p), ba(p), bu(p)), ()

where g(p) is the semantic factor category, b,(p)
buckets validation quality, by(p) buckets search
depth, and b, (p) buckets retrieval frequency. This
keeps memory more specific than a global edit
table while avoiding instance-level memorization
of individual formulas.

Residual. The residual signal is defined as

5(]9, C) = Q(C) - @ledger(p)a 3)



where éledger (p) is the base scorer’s expected child
quality for parent p. We estimate this baseline from
historical children generated from similar parent
contexts:

Z(m,ci)em w;(p)Q(c;)
> (prenyen, Wilp) + €

@ledger (p) = G

where H; is the set of evaluated parent-child edges
before iteration ¢ and w;(p) is nonzero only when
p; falls in the same parent-context bucket as p. If
no such history exists, the baseline is initialized by
the parent’s own quality Q(p). This zero-centered
target is important. The memory does not try to
relearn the whole search policy. It only learns when
a local edit systematically outperforms or underper-
forms what the base search prior already expected.

4 AlphaMemo

AlphaMemo is designed around a conservative prin-
ciple: a self-evolving memory should alter the
search policy only when its evidence is reliable.
The framework therefore keeps a strong library-
state prior for parent selection and adds a calibrated
process-memory layer that scores parent-edit ac-
tions. At iteration ¢, the agent maintains a factor-
library ledger G;, a factor pool Py, and a process
memory M. It repeatedly selects a parent-edit
action, asks the LLM generator to produce a child
factor, evaluates the child, updates the ledger, and
writes the observed edge into memory. Figure 2
gives the high-level workflow, and Algorithm 1
in Appendix A provides the corresponding pseu-
docode and derivation details.

4.1 Parent-Edit Action Space

The action space is defined over pairs (p, m), where
p is a parent factor in the search ledger and m is an
edit motif. This differs from a standard parent-only
retriever. The parent determines where to search in
the current library state, while the motif determines
how to modify the parent. Examples of high-level
motifs include adding a conditional gate, rescaling
a temporal window, replacing a ranking operator,
adding an interaction term, smoothing a noisy sig-
nal, or reversing a sign. In the reported configura-
tion, we use ten motif labels: nine named edit types
plus an “other” bucket for rare or ambiguous edits.

For each parent p, we first compute the base
search score Sjedger(p) from the ledger state. For
each possible edit motif m, we retrieve the mem-
ory estimate associated with the context-motif pair
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Figure 2: Algorithmic flow of AlphaMemo. At each
iteration, AlphaMemo scores parent-edit actions using
a search-ledger prior and confidence-gated SSPM resid-
uals, applies asymmetric vetoes to unreliable actions,
generates child factors with the LLM, and updates the
ledger and memory with evaluation feedback.

(z(p), m). The action score is:

At(pu m) = log(Sledger(p) + 6)
+ Aece(2(p), m)Ae(2(p), m).  (5)

Here A;(z,m) is the posterior mean residual in
memory, ¢;(z, m) € [0, 1] is confidence, and ) is
a scheduled memory weight. The logarithm makes
the ledger contribution additive and reduces the
chance that memory overwhelms base search evi-
dence through scale mismatch.

4.2 Structured Search-Process Memory

Structured Search-Process Memory (SSPM) is the
confidence-gated residual memory that records how
local edit motifs behave under parent-factor con-
texts. For each context-motif pair (z,m), it stores
a compact set of sufficient statistics:

Mt[za m] = {nZ,Tm Hzm, Ug,mv a;m, bz_,m}> (6)

where n is the number of observations, 1 and o2
summarize residual outcomes, and (o, b™) param-
eterize a failure posterior for asymmetric vetoing.
When a child c is evaluated, we compute the resid-
ual §(p, ¢) from Equation 3 and update the corre-
sponding entry by online averaging.

The confidence gate has two roles: it prevents
early noisy observations from affecting search, and
it downweights unstable residual estimates. One
simple instantiation is:

Nz m . min (1, |Mz,m’ )7 (7)

ci(z,m) =
o(z,m) Nam + K Ozm + €



where k controls how many observations are
needed before memory becomes active. The
warmup gate \; further keeps the system close to
pure ledger search during early iterations:

max(0,t — t0)> ®)

At = Amax Min (1, T,

Together, these gates ensure that low-confidence
memories make Equation 5 collapse back to the
base parent-selection policy.

4.3 Edit Motifs from AST Differences

LLM-generated edits are often not well captured by
manually designed mutation labels. For example,
a model may simultaneously add a volume gate,
rescale a rolling window, and change a normal-
ization operator. AlphaMemo therefore extracts
motifs from the AST difference between parent
and child expressions. We parse each formula with
the same typed operator grammar used by the eval-
uator. Each AST node records the operator name,
arity, argument types, and numerical parameters
such as rolling-window length. Before differencing,
expressions are canonicalized: commutative oper-
ators sort child subtrees by their serialized form,
constants and window lengths are mapped to coarse
parameter bins, and redundant unary wrappers are
normalized. Given canonical trees AST(p) and
AST(c), we compute a normalized edit script:

lef(pa C) = {017027"'?016}7 (9)
where each operation o; records an insertion, dele-
tion, replacement, movement, or parameter change
over typed expression nodes. The motif m(p, c¢) is
obtained by mapping the canonical edit signature
to a compact vocabulary:

m(pv C) = ¢(lef(p, C)) (10)

The current vocabulary covers condition gates, rank
switches, interaction additions, window rescaling,
operator substitutions, feature swaps, nesting in-
creases, temporal shifts, normalization changes,
and other edits. These labels are not hand-written
mutation commands for the generator. They are
normalized names for recurring edit signatures ob-
served after generation. This representation pro-
vides two advantages. First, it assigns credit to the
actual symbolic change that the LLM produced.
Second, it can transfer across surface-level expres-
sion variants that share the same edit behavior.

4.4 Asymmetric Process Veto (APV)

Positive alpha signals are fragile, but negative
search evidence can be more stable: invalid ex-
pression patterns, over-mined transformations, and
high-correlation edits often remain bad across
nearby contexts. AlphaMemo therefore uses mem-
ory asymmetrically. Positive residual memories
only enter as a soft additive term in Equation 5.
Negative high-confidence patterns can veto an ac-
tion before generation or admission. Let 7_,, be
the posterior probability that motif m fails under
context z. The veto rule Veto(z, m) equals

H[ct(z,m) > T A W;m>7'v] . an
If the action is vetoed, the scheduler chooses the
next best non-vetoed action. This design deliber-
ately avoids hard-accepting positive memories, re-
ducing the risk that a lucky early pattern dominates
the search.

4.5 Search Loop
The full loop is:

1. Score candidate parent-edit actions (p,m) by
Equation 5, excluding actions vetoed by Equa-
tion 11.

2. Prompt the LLM generator with the selected
parent, its lineage trace, the intended motif,
and relevant constraints.

3. Parse and validate generated child expressions.
Invalid attempts are written as failure observa-
tions.

4. Evaluate valid children on the training and val-
idation periods, then admit those that satisfy
quality, complexity, and diversity constraints.

5. Add all evaluated children to the search ledger
with parent-child edges, and update process
memory with the observed residual and status.

This loop makes the agent self-evolving through
an external, inspectable state: the ledger records
where the agent has searched, and the process mem-
ory records how local edits behaved in context.

5 Mechanistic Analysis
This section analyzes the mechanics.

5.1 Residual Memory as Teacher Correction

A naive memory prior can be harmful when paired
with a strong search prior. If memory directly



predicts absolute factor quality, then early high-
variance observations can dominate parent selec-
tion and pull the search toward lucky local regions.
Residual memory avoids this failure mode by learn-
ing only the difference between the observed child
quality and the base prior’s expected child quality.
Thus, a positive memory entry does not mean “this
motif is good” in isolation. It means “this motif
tends to outperform what the base search policy
already expected in this context.”

This distinction is important for alpha mining
because the base scorer already encodes strong in-
formation about factor quality, diversity, depth, and
lineage. The memory should explain the remaining
local edit effect, not duplicate the global search
prior. When Ay(z,m) is centered around zero, it
can correct systematic blind spots while preserving
the base search policy as the default behavior.

5.2 Bounded Deviation from the Teacher

The confidence-gated residual form provides a sim-
ple stability property. Assume memory residuals
are clipped to |A¢(z,m)| < B, with Ay < Apax
and ¢¢(z, m) € [0,1]. Then the memory perturba-
tion in Equation 5 is bounded:

|At(pa m) - 1Og(Sledger(p) =+ €)| < AmaxB.

Moreover, during warmup or under insufficient ev-
idence, Aici(z,m) — 0, so action ranking con-
verges to the base parent-selection policy. This is
the core safety valve in AlphaMemo: memory can-
not silently replace the search prior before it has
accumulated enough evidence.

5.3 Asymmetric Process Veto

In non-stationary financial data, positive patterns
are often regime-dependent, while many negative
patterns are structural. For example, syntactically
invalid transformations, excessive expression com-
plexity, high-correlation edits, and repeated over-
fitting motifs are likely to remain bad even when
market regimes change. The asymmetric veto ex-
ploits this difference. It lets negative memory act
as a hard constraint only when confidence is high,
while positive memory remains a soft preference.
This turns process memory into a variance stabi-
lizer rather than a mechanism for aggressive ex-
ploitation.

5.4 Interpretability of Self-Evolution

Parametric self-evolution can improve generation
behavior, but its learned search knowledge is dif-

ficult to inspect or edit. Full-trajectory memory
is inspectable, but expensive to store and retrieve.
AlphaMemo exposes a middle ground. Its memory
table can be inspected as statements of the form:

Under parent context z, edit motif m has
mean residual /\, confidence ¢, and failure
posterior 7.

This makes the agent’s self-evolution auditable:
one can identify which edit behaviors are being
promoted, suppressed, or vetoed.

6 Experiments

We evaluate AlphaMemo from two complementary
angles: final factor-pool quality and fixed-budget
search behavior. This separates terminal predic-
tive utility from whether calibrated process mem-
ory improves discovery beyond the search ledger
alone. Final-pool evaluation asks whether selected
factors remain predictive after portfolio construc-
tion, while search diagnostics ask whether the agent
discovers more admissible, non-redundant factors
under the same generation budget.

6.1 Experimental Setup

Datasets and splits. The main reported universes
are CSI 500 and S&P 500 from Qlib (Yang et al.,
2020), covering Chinese A-shares and U.S. large
caps with different liquidity, sector composition,
and factor stationarity. This two-market setting
keeps predictive and portfolio metrics compact
while testing memory calibration beyond a single
market. Following recent formulaic alpha-mining
protocols, we use a 20-trading-day prediction set-
ting with training from 2016-01-01 to 2020-12-31,

Table 1: Component roles in AlphaMemo.

Component Role

Search-ledger
scorer

Provides parent scores from qual-
ity, depth, retrieval frequency, lin-
eage, and diversity.

Residual SSPM Stores context-edit residual statis-
tics beyond the base-score base-
line.

AST edit motifs Assign credit to the symbolic edit

actually made from parent to child.
Suppress low-count or high-
variance memories during early
search.

Vetoes high-confidence failure pat-
terns while keeping positive mem-
ory soft.

Confidence gates

APV




Table 2: Performance comparison on CSI 500 and S&P 500 under the 20-trading-day protocol. AR and MDD are
reported in percentage points. Best/second-best results are bolded/underlined. MDD closer to zero is better.

Method CSI 500 S&P 500

IC ICIR RankIC RankICIR AR(%) MDD(%) Sharpe IC ICIR RankIC RankICIR AR(%) MDD(%) Sharpe
Alphal58 0.0053 0.0634 0.0115 0.1188 7.70 -24.34  0.4055 0.0155 0.1300 0.0081  0.0611 1436 -21.86 0.6186
GP 0.0226 0.2404 0.0326  0.3403 6.75 -30.28  0.3197 0.0062 0.0494 -0.0013 -0.0096 14.10 -24.58 0.6534
LightGBM 0.0095 0.1124 -0.0115 -0.1085 8.85 -33.83  0.4028 0.0133 0.1009 0.0046  0.0377 1546  -26.67 0.6040
LSTM 0.0222 0.2384 0.0096  0.0939 9.95 -40.23  0.4047 0.0138 0.0853 0.0068  0.0412 16.36  -28.84 0.5792
AlphaGen 0.0311 0.2988 0.0436 0.4156 8.03 -30.99 0.4040 0.0348 0.3569 0.0101  0.1153 1944  -2422 0.9471
AlphaGPT 0.0077 0.0909 0.0011 0.0118 8.08 -30.39  0.3903 0.0163 0.1202 0.0005  0.0038 17.36  -26.14 0.7501
AlphaSAGE 0.0031 0.0335 0.0190 0.2341 5.49 -37.12  0.2541 0.0256 0.2187 0.0079  0.0745 1426 -29.96 0.6040
AlphaAgent 0.0102 0.1150 -0.0156 -0.1437  4.27 -40.16  0.1818 0.0306 0.2569 0.0133  0.1023 19.40 -2477 0.8077
AlphaMemo (residual) 0.0101 0.1104 0.0165 0.1808 6.97 -26.08 0.3511 0.0410 0.3434 0.0228 0.1984 23.65 -23.62 1.0672
AlphaMemo (balanced) 0.0401 0.3462 0.0496 0.4597 11.63 -23.43 0.6109 0.0288 0.2406 0.0144 0.1207 17.07 -22.54 0.7743

validation from 2021-01-01 to 2021-12-31, and
test/backtest from 2022-01-01 to 2025-12-26. All
factor-pool evaluation and backtesting are imple-
mented with the same Qlib pipeline. The prediction
target is the 20-trading-day close-to-close forward
return. The memory and search ledger are updated
only with training and validation feedback. The test
period is used only for final reporting. Table 1 sum-
marizes the implemented AlphaMemo components
used in the main experiments.

Metrics. We report predictive metrics (IC, ICIR,
RankIC, and RankICIR), portfolio metrics (AR,
MDD, and Sharpe), and fixed-budget discovery
efficiency. Portfolio metrics are computed from
realized TopK portfolio returns. Effective factors
are executable, high-quality, bounded-complexity,
and non-redundant expressions. Appendix B gives
the full formulation of exact label and metric defini-
tions, all predictive, portfolio, and search-efficiency
metrics.

Baselines. We compare with a compact represen-
tative set. Alphal58 (Yang et al., 2020) is the ex-
pert factor library, and GP (Chen et al., 2021) is a
classical symbolic alpha search baseline. Light-
GBM (Ke et al., 2017) and LSTM (Hochreiter
and Schmidhuber, 1997) are standard predictive-
model baselines. Unless otherwise stated, they
use the same fixed Qlib feature handler so that
the comparison changes the learner rather than the
input universe. For formula-generation systems,
we include AlphaGen (Yu et al., 2023) and Al-
phaGPT (Wang et al., 2025), an earlier LLM-based
interactive alpha-mining system. We further in-
clude AlphaSAGE (Chen et al., 2025) and AlphaA-
gent (Tang et al., 2025) as recent released alpha-
mining baselines. Internal AlphaMemo variants
are reported only in the sensitivity study.

Implementation details. All formulaic outputs
are evaluated with the same split, label, parser, ad-
mission rule, and Qlib backtest protocol when ex-
ecutable. AlphaMemo and the Search-Ledger ab-
lation share the same generator interface, parent
scorer, operator set, factor-pool capacity, and eval-
uation APL. The ablation disables SSPM and APV.
Additional details of baseline and implementation
are provided in Appendix C.

We report two AlphaMemo operating points mo-
tivated by an adaptation—stability tradeoff. Al-
phaMemo (residual) gives residual memory a
stronger role after a longer warmup, while Al-
phaMemo (balanced) keeps SSPM as a weak resid-
ual prior on top of the search ledger. Both use
the same generator, evaluator, admission rule, and
memory mechanism. Appendix C lists their exact
parameters. Unless otherwise stated, the pool ca-
pacity is 50, the factor length threshold is 40, each
selected parent proposes five children, 7, = 0.10
for [ICIR|, and 74 = 0.70 for maximum absolute
Pearson correlation.

6.2 Performance Comparison

Table 2 reports out-of-sample performance on CSI
500 and S&P 500. We evaluate both factor predic-
tive power and strategy-level performance, follow-
ing recent alpha-mining evaluations while keeping
the two-market comparison compact. This is useful
because IC-style metrics measure cross-sectional
predictive content, whereas AR, MDD, and Sharpe
test whether the admitted factor pool remains useful
after portfolio construction. The two AlphaMemo
rows should therefore be read as operating points
of the same SSPM mechanism rather than separate
model families.

AlphaMemo (residual) achieves the best S&P
500 IC, RankIC, RankICIR, annualized return, and
Sharpe ratio, while AlphaGen remains slightly
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Figure 3: Memory calibration across AlphaMemo operating points and internal diagnostics. Search-ledger only
removes process memory. APV-only keeps negative process vetoes. Balanced and residual are the two operating
points reported in Table 2. Higher is better for both RankICIR and Sharpe.

Table 3: Sensitivity study for AlphaMemo variants and internal search diagnostics. AR is computed from realized

TopK portfolio returns and reported in percentage points.

. CSI500 S&P500

Variant

ICIR RankICIR AR(%) Sharpe ICIR RankICIR AR(%) Sharpe
Search-ledger only 0.2313  0.3707 7.00 03536 0.1414 0.0044 13.80 0.6282
AlphaMemo (balanced) 0.3462  0.4597 11.63 0.6109 0.2406  0.1207 17.07 0.7743
Weaker memory 0.1455 0.2886 5.80 03011 0.1001 -0.0299 17.09 0.7393
Stronger memory 0.2208  0.3454 11.57 0.5646 0.1579  0.0402 16.20 0.7105
APV-only memory 0.2405  0.3993 7.72 03875 0.1718 0.0243 15.99 0.6493
AlphaMemo (residual) 0.1104  0.1808 6.97 0.3511 0.3434  0.1984 23.65 1.0672

stronger on ICIR and Alphal58 has the smallest
drawdown. On CSI 500, AlphaMemo (balanced)
obtains the strongest results across predictive and
portfolio metrics, suggesting that weak residual
process memory can improve the search-ledger
prior without overwhelming it. The two rows there-
fore expose an adaptation—stability trade-off of the
same memory mechanism across markets with dif-
ferent liquidity, sector composition, and factor sta-
tionarity.

6.3 Process-Memory Calibration

Table 3 and Figure 3 show that memory strength
is a genuine control variable rather than a mono-
tonic knob. The balanced configuration keeps mem-
ory weak enough to preserve the search-ledger
prior while improving CSIS00 predictive and port-
folio metrics. The residual configuration performs
strongly on S&P500 but is weaker on CSI500, in-
dicating that process memory should be calibrated
rather than treated as an unconditional replacement
for search. The APV-only variant further separates
negative and positive memory: vetoing reliable fail-
ure patterns is useful, but it does not match the
balanced setting that also uses residual positive
evidence. Weaker and stronger memory variants

remain competitive on parts of the table, yet neither
gives the same cross-diagnostic balance. These re-
sults support exposing calibrated operating points
rather than forcing a single unconditioned memory
weight. Overall, process memory is useful when
treated as a calibrated residual correction, with ad-
ditional diagnostics reported in Appendix C.

7 Conclusion

We presented AlphaMemo, a self-evolving LLM
agent for alpha mining with Structured Search-
Process Memory. Instead of reusing final factors or
storing full trajectories, AlphaMemo records which
edit motifs help or fail under specific parent-factor
contexts. It extracts motifs from AST differences,
applies confidence-gated residual corrections over
a search-ledger prior, and uses asymmetric veto
control to suppress reliable failure modes. Exper-
iments on CSI 500 and S&P 500 show improved
out-of-sample performance and fixed-budget dis-
covery efficiency, with ablations validating residual
learning, confidence gating, AST-diff motifs, and
veto memory.



Limitations

AlphaMemo relies on executable formula parsing,
standardized evaluation feedback, and enough re-
peated search observations for process memory to
become informative. Its current design is intended
for offline alpha discovery rather than direct de-
ployment in live trading systems, where additional
operational checks would be required. Future work
may extend the memory to richer market states
and broader deployment settings, while the present
study focuses on isolating how structured process
memory improves self-evolving factor search.

Ethics Considerations

All experiments use publicly available datasets and
benchmarks. No human subjects or sensitive data
are involved. No direct negative societal impacts
are identified.
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A Algorithmic Details and Derivation

A.1 AlphaMemo Search Procedure

Algorithm 1 summarizes the full search loop. The
base scorer proposes promising parent factors from
the search ledger, while Structured Search-Process
Memory (SSPM) supplies a confidence-gated resid-
ual correction over edit motifs observed in previous
parent-child transitions. The memory module is
deliberately residual and confidence gated, so the
search falls back to the base scorer when memory
evidence is sparse or unstable.

A.2 Residual Process Memory

Let p be a parent formula, m an edit motif, z(p)
the parent context, and c the child produced by ap-
plying that edit. Its positive counterpart Sieqger (P)

Algorithm 1 AlphaMemo factor evolution loop.

Require: seed pool Py, budget B, search ledger Go, memory
table M, thresholds 7y, 74
Ensure: final factor pool P
1: Initialize P < Po, G < Go, and M < My
2: forb=1,...,Bdo
3: Retrieve candidate parent factors p from the search
ledger and compute Siedger (p) using validation quality,
depth, retrieval frequency, lineage, and diversity

4: Form parent contexts z(p) and retrieve SSPM statis-
tics for candidate edit motifs m
5: Score each parent-edit action (p, m) by

Ay (p7 m) = log(sledger (p) + 6)
+ Acee(2(p), m)Ai(2(p), m)

6: Remove actions vetoed by the APV

Veto(z,m) =1 [ci(z,m) > e AT 0 > T

7: Select the highest-scoring non-vetoed action (p, m)

8: Prompt the LLM generator with parent p, its lineage
context, the intended motif m, and generation constraints

9: Parse and validate the generated child ¢

10: if c is invalid then

11: Update M with a failure observation for
(2(p),m)

12: continue

13: end if

14: Extract the realized edit motif m(p, ¢) from the AST
difference between p and ¢

15: Evaluate ¢ on the training/validation periods and com-
pute residual

d(p,c) = Q(c) — Qledger (p)

16: Update G with the evaluated edge (p, ¢) and update
M with é(p, c) and the evaluation status

17: if ¢ passes quality, complexity, and diversity filters
then

18: Admit ¢ into P

19: end if

20: end for

21: return P

is the normalized ledger score used in the action
scorer. SSPM does not memorize the absolute qual-
ity of the child. Instead, it stores the residual effect
of the edit beyond the base search prior:

5(])7 C) = Q(C) - @ledger(p)v (12)
where Q(c) is the validation-side utility used by

the admission rule. For a memory key (z(p), m),
SSPM maintains empirical mean and variance:

1
Hzm = —— 5i7 (13)
Nzm i
1
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The confidence gate follows the main-text defini-

tion:
(1’ ’Mz,m’ ) _
Ozm T €

so early or high-variance memories contribute little
to action selection. Let A¢(z,m) = fi,,, denote
the current residual estimate. The final parent-edit
score is

At(p, m) = log(Sledger(p) + 6)

T hver (=) m) Do), m). )

This form makes memory a bounded correction
rather than an alternative controller. When n ,,, <
Nmin OF 0, 18 large, ¢(z,m) ~ 0 and Al-
phaMemo reduces to ledger-guided evolution.

A.3 Asymmetric Process Veto

Positive memories are used softly through the resid-
ual term above, but repeated failures are handled
more aggressively. For each context-motif key
(z,m), SSPM also maintains a Beta posterior over

failure events with parameters (a_ ,, b, ,,):

az,m

az_,m + bz_,m

(16)

The asymmetric process veto rejects an edit pro-
posal when

Veto(z,m) = I [c;(z,m) > 7. A Tom > To) -

This asymmetry reflects a practical property of al-
pha mining: exploiting a positive motif too strongly
can collapse diversity, but avoiding reliable failure
motifs saves search budget without forcing all fu-
ture generations into the same local region.

B Evaluation Metrics

We follow the standard factor-mining convention of
reporting both predictive correlations and portfolio-
level utility. For a factor f, let f; ; denote the score
of asset ¢ at date ¢, and let r; ;1 be the future
holding-period return. The main experiments use
h = 20 trading days and define the close-to-close
forward return as

Citth
; =—— —1, 17
Tit+h Ci’t ( )
where Cj; is the adjusted close price. In the

Qlib implementation, this corresponds to the next-
tradable-close aligned label Ref ($close,-21) /
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Ref($close,-1) - 1. The daily Information Co-
efficient is the cross-sectional Pearson correlation

ICt(f) = COIT; (th, Ti,t—i—h) .

RankIC replaces raw scores and returns with their
cross-sectional ranks:

RankIC,(f) = corr;(rank(fi), rank(r;¢11))-

The reported IC and RankIC are temporal means
over the test period. Their information ratios mea-
sure stability:

o EJIC(f)]
ICIRU) = S, ic, (A + e
RankICIR(f) E:[RankICy (/)]

~ Std,[RankIC,(f)] + ¢

For portfolio metrics, AR is annualized portfolio
return, MDD is maximum drawdown, and Sharpe
is the annualized return-to-volatility ratio of the
backtested strategy. In the main table, AR and
MDD are reported in percentage points.

Search efficiency. For fixed-budget diagnostics,
we count effective rather than raw generated fac-
tors. Given the current admitted pool P, define the
maximum absolute correlation between a candidate
f and the existing pool as

pmax(fa P) = gleaig( |p(fa g)’

An effective factor is an executable expression that
passes the validation-quality threshold, satisfies the
complexity bound, and is not redundant with the
current pool:

Eff(f,P) = I{valid(f) A |ICIRva(f)| > 74
N E(f) <LA pmax(fvp) < Td}'

The fixed-budget discovery yield is

B
Negr(B) =Y Eff(f5, Py-1),
b=1

where B is the generation budget.

Alpha decay. To measure whether a factor pool
remains useful under non-stationarity, we compute
annual IC and RankIC on held-out years. For a
factor pool P, we first form a normalized pool
signal

] _L fie — 1e(f)
SR 2 e e

fep



where 14 (f) and o (f) are cross-sectional statistics
at date t. Annual alpha decay is then reported as

Ic(y) (P) = I['Et‘:year(t‘):y [COI‘I’Z‘(SZ"t, Ti,t+h)] 5

with an analogous definition for annual RankIC.
This diagnostic asks whether the evolved factor
pool retains predictive content across calendar
years rather than only on the aggregate test win-
dow.

C Additional Experiments

C.1 Baseline Evaluation Details

All factor pools are evaluated with the same 20-
trading-day label, market split, parser, and Qlib
backtest protocol whenever the released system
produces formulaic factors. AlphaGPT is an inter-
active alpha-mining system and does not expose
the exact IC/RankIC/portfolio table used in our
experiments, so we evaluate its generated formu-
las with the same common evaluator used for the
other factor-pool methods. For predictive-model
baselines, LightGBM and LSTM use the same Qlib
feature handler as Alphal58. This keeps the learner
comparison fixed while avoiding additional feature
engineering. The experimental design separates
final factor-pool quality from fixed-budget discov-
ery diagnostics because AlphaMemo is intended to
improve the evolution process, not only to output a
single high-scoring formula.

Artifact terms and intended use. We use re-
leased datasets, libraries, and baseline implementa-
tions only for academic evaluation and benchmark-
ing, cite their original creators, and do not redis-
tribute third-party datasets or baseline code. Our
anonymous code release is intended for research re-
producibility and evaluation, not as financial advice
or a live-trading system.

Common implementation protocol. For the
QIib baselines and internal ablations, we use the
same data split, label definition, parser, backtest
protocol, and feature handler when applicable. Ex-
ternal alpha-mining baselines are reproduced with
their released code and recommended configura-
tions, and their generated factors are evaluated un-
der the common 20-trading-day protocol whenever
their outputs can be parsed as formulaic factors. For
symbolic-search methods evaluated in our pipeline,
the Qlib backtest uses the admitted effective factor
pool produced by the search procedure. To iso-
late the contribution of search-process memory, Al-
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phaMemo and the Search-Ledger ablation share the
same parent scorer, operator set, initial seed pool,
factor length threshold, factor-pool capacity, and
evaluation API. The Search-Ledger ablation dis-
ables residual memory and APV. AlphaMemo adds
SSPM and APV on top of the same generator inter-
face and admission rule. The shared parent scorer
uses validation quality, search depth, retrieval fre-
quency, lineage, and diversity against the current
pool. Unless otherwise stated, the pool capacity
is 50, the factor length threshold is 40, each se-
lected parent proposes five children, 7, = 0.10
for [ICIR|, and 74 = 0.70 for maximum absolute
Pearson correlation.

Compute environment. The experiments are run
on a workstation with an Intel Core 19-13900 CPU,
64GB RAM, and one 24GB NVIDIA RTX 4090
GPU. Qlib evaluation and symbolic backtesting
are CPU-bound, while the GPU is used for neural
predictive baselines when applicable.

LLM generator details. LLM-based factor
generation is performed through an OpenAl-
compatible API endpoint.  All reported Al-
phaMemo variants use the same generator backend
unless otherwise stated. The reported AlphaMemo
searches use deepseek/deepseek-v4-flash
through the OpenRouter-compatible interface,
temperature 0.7, maximum generation length
180 tokens, request timeout 45—-60 seconds, and
automatic retry on transient API failures. The
prompt specifies the parent formula, its lineage
context, the intended edit motif, parser constraints,
and the requirement that the output be a single
executable formula.

C.2 AlphaMemo Operating Points

The two AlphaMemo rows in the main table use the
same generator, evaluator, admission rule, process-
memory implementation, and factor-pool capacity.
They differ only in how strongly the memory resid-
ual is allowed to intervene after warmup. Table 4
lists the settings used for the reported operating
points.

Here w,,, denotes the residual-memory weight
and p;.nq denotes the probability of sampling a
random edit motif.

C.3 Variant Sensitivity

Table 5 reports additional AlphaMemo variants
under the same 20-trading-day protocol used in
the main experiments. The results show that the



Table 4: Parameter settings for the AlphaMemo operating points used in the main comparison.

Name Strategy Warmup w., Motif prana Role
Balanced graph-led SSPM 200 0.05 4 0.35 Conservative cross-market setting
Residual residual SSPM 300 005 - —  Stronger memory intervention

Table 5: Additional AlphaMemo variant results under the 20-trading-day protocol. AR and MDD are reported in

percentage points.

. CSI 500 S&P 500

Variant

IC ICIR RankIC RankICIR AR(%) MDD(%) Sharpe IC ICIR RankIC RankICIR AR(%) MDD(%) Sharpe
Search-ledger only 0.0218 0.2313 0.0347  0.3707 7.00 -30.63 03536 0.0173 0.1414 0.0006  0.0044 13.80 -26.83  0.6282
AlphaMemo (balanced) 0.0401 0.3462 0.0496  0.4597 11.63 -2343  0.6109 0.0288 0.2406 0.0144  0.1207 17.07 -22.54  0.7743
AlphaMemo (residual) 0.0101 0.1104 0.0165  0.1808 6.97 -26.08  0.3511 0.0410 0.3434 0.0228  0.1984 23.65 -23.62  1.0672
Weaker memory 0.0138 0.1455 0.0295  0.2886 5.80 -29.10 03011 0.0130 0.1001 -0.0039 -0.0299 17.09 -22.64  0.7393
Stronger memory 0.0205 0.2208 0.0283  0.3454 11.57 -26.27  0.5646 0.0196 0.1579 0.0048  0.0402 16.20 -25.19  0.7105
Late weak memory 0.0181 0.2231 0.0137  0.1708 8.57 -32.39 03917 0.0109 0.0847 -0.0008 -0.0061 15.60 -23.58 0.6814
Late weak memory, seed2  0.0285 0.2681 0.0195  0.2329 10.39 -28.80  0.4806 0.0223 0.1736 -0.0010 -0.0076 17.15 -25.66  0.7794
APV-only memory 0.0220 0.2405 0.0363  0.3993 7.72 -30.79 03875 0.0242 0.1718 0.0035  0.0243 15.99 -26.06  0.6493
Warmup 180, weak memory 0.0339 0.3291 0.0490  0.5074 10.88 -30.82  0.4850 0.0294 0.2266 0.0048  0.0384 19.37 -24.82  0.8605
Warmup 220, weak memory 0.0155 0.2043  0.0089  0.1039 7.94 -29.77  0.3863 0.0308 0.2322 0.0102  0.0778 19.34 -27.28  0.8623
Warmup 240 0.0150 0.1828 0.0213  0.2341 8.78 -24.59 04504 0.0210 0.1609 0.0026  0.0192 17.10 -24.57  0.7607
Weak memory, seed 1 0.0041 0.0402 -0.0024 -0.0224 2.50 -45.00 0.1104 0.0330 0.2410 0.0050  0.0374 22.10 -26.82  0.9340
Balanced, seed 3 0.0291 0.3541 0.0350  0.4462 4.08 -38.90 0.1798 0.0246 0.1910 0.0023  0.0179 18.61 -27.98  0.8042

effect of process memory depends on when and
how strongly it intervenes. The main configura-
tion is selected because it provides the most bal-
anced performance across CSI 500 and S&P 500,
while several variants are competitive on one mar-
ket but less stable on the other. As an additional no-
memory stress test, we rerun the structured search
with residual memory and APV disabled, random
motif sampling set to 1.00, and the same generation
budget. This run discovers 74 effective CSI 500 fac-
tors and 93 effective S&P 500 factors, but obtains
weaker final-pool performance than the reported
AlphaMemo operating points (CSI 500 RankICIR
0.0133, Sharpe 0.2305 and S&P 500 RankICIR
-0.0046, Sharpe 0.6696). The result supports the
view that the main gains are not explained by search
bookkeeping alone.

The additional variants reinforce the calibration
view. Memory can improve the search-ledger-only
baseline, but overly early or seed-sensitive memory
intervention can reduce stability. Conversely, the
residual operating point is especially strong on S&P
500, which motivates reporting it separately rather
than hiding the cross-market tradeoff inside a single
averaged score.

C.4 Alpha Decay Diagnostics

Table 6 reports annual IC and RankIC during the
2022-2025 test window. This diagnostic is in-
tended to probe temporal stability rather than re-
place the aggregate main-table metrics. The results
again show that process memory is not a mono-
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tonic knob: APV-only memory is comparatively
stable on CSI 500, while the residual operating
point is strongest on S&P 500 in later test years.
This supports the view that AlphaMemo should ex-
pose calibrated operating points instead of forcing
a single memory strength across markets.

C.5 Fixed-Budget Discovery Diagnostics

We also report preliminary fixed-budget diagnos-
tics on CSI 500. These experiments measure the
number of effective factors found under the same
generation budget, where an effective factor must
be executable, pass the quality threshold, satisfy
the complexity bound, and remain sufficiently di-
verse from the current pool. Unlike the main table,
this diagnostic measures search efficiency rather
than final portfolio utility.

The diagnostic supports the main mechanism
story: process memory improves discovery yield
beyond random search and the search-ledger-only
agent, but its gains depend on conservative confi-
dence control and residualized credit assignment.
Removing confidence gates or replacing AST-diff
motifs with coarse manual labels sharply reduces
the number of effective factors, while removing
APV mainly weakens the ability to avoid repeated
failure patterns.

D Representative Evolved Factors

Table 9 lists representative AlphaMemo factors se-
lected on CSI500. The examples are moved to
the appendix because formula expressions are long



Table 6: Annual alpha-decay diagnostics on the held-out test period. Each year reports IC / RankIC.

Variant Market 2022 2023 2024 2025

IC RankIC 1C RankIC  IC  RankIC IC  RankIC
AlphaMemo (balanced) CSI500 0.0030 0.0048 -0.0090 0.0004 0.0087 0.0209 0.0354 0.0289
AlphaMemo (balanced) S&P500 0.0186 0.0134 -0.0007 0.0016 0.0036 -0.0131 0.0195 0.0157
Weaker memory CSIS00  0.0152  0.0328 -0.0250 -0.0149 0.0293 0.0399 0.0209 0.0251
Weaker memory S&P500 0.0201 0.0182 0.0010 0.0000 0.0110 -0.0027 0.0191 0.0125
Stronger memory CSI5S00  0.0076  0.0149 -0.0099 -0.0087 0.0275 0.0343 0.0221 0.0245
Stronger memory S&P500 0.0126 0.0089 0.0041 0.0062 0.0078 -0.0079 0.0172 0.0111
APV-only memory CSI5S00  0.0219 0.0385 0.0031 0.0273 0.0320 0.0452 0.0407 0.0596
APV-only memory S&P500 0.0172 0.0175 0.0083 0.0117 0.0024 -0.0093 0.0164 0.0129
AlphaMemo (residual) CSI500 0.0066 0.0047 -0.0106 0.0011 0.0111 0.0205 0.0223 0.0181
AlphaMemo (residual) S&P500 -0.0164 0.0229 0.0651 0.0009 0.0658 0.0335 0.0547 0.0478

Table 7: Fixed-budget discovery efficiency on CSI 500.
We report mean effective factors.

Method Seeds  Effective factors
Random search 5 10.4
Result-level memory 2 34.5
Search-Ledger Agent 5 52.4
AlphaMemo 5 76.0

Table 8: Mechanism ablation under the fixed-budget
discovery diagnostic. We report mean effective factors.

Variant Removed component Effective factors
AlphaMemo - 76.0
NoGate confidence/warmup gates 34.6
AbsOLM residual target 55.6
ManualMut AST edit motifs 334
NoAPV asymmetric veto 70.8

and easier to inspect in a wider table. We report
absolute predictive metrics because factors with
negative IC can be sign-flipped before entering a
factor pool.

E More Discussions

> Q1. Why is process-level memory more suitable
than final-factor memory for self-evolving alpha
mining?

Final-factor memory retrieves what has worked
before, but self-evolution needs to know how useful
factors were reached. In alpha mining, two factors
with similar validation scores may arise from very
different edits, and a historically strong expression
may decay after a market regime shift. AlphaMemo
therefore stores reusable evidence about parent con-
texts, AST edit motifs, and edit outcomes. This
moves the persistent state closer to the agent’s ac-
tion space: instead of memorizing only winners,
the agent remembers which search moves tend to
help or fail.
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> Q2. How does AlphaMemo avoid the usual
tradeoff between stronger memory and overfit-
ting?

AlphaMemo is designed so that memory is a cal-
ibrated residual correction, not an unconditional
policy. The base search ledger still provides parent
scores from quality, depth, retrieval frequency, lin-
eage, and diversity. SSPM only adjusts this prior
after enough evidence accumulates. Confidence
gates suppress low-count or high-variance memo-
ries, and APV gives reliable failures veto power
while keeping positive evidence soft. This asym-
metry favors avoiding repeated mistakes over ag-
gressively exploiting fragile successes.
> Q3. Is AlphaMemo tied to a specific generator,
market, or evaluator?

The memory is attached to the symbolic search
process rather than to a particular LLM response
format. It observes executable formulas, parent-
child edits, validation feedback, and admission de-
cisions. Therefore, the same mechanism can be
used with different LLM backbones, heuristic gen-
erators, or external formula-generation systems as
long as their outputs can be parsed and evaluated.
The CSI 500 and S&P 500 experiments provide a
compact cross-market test of this design.
> Q4. Are the gains simply caused by a stronger
search ledger rather than memory?

The sensitivity study is constructed to sepa-
rate these effects. AlphaMemo and the Search-
Ledger Agent share the generator interface, par-
ent scorer, operator set, factor-pool capacity, com-
plexity bound, diversity threshold, and admission
rule. The Search-Ledger Agent removes process
memory. APV-only keeps only negative process
vetoes. The balanced and residual settings vary
the strength of residual memory. Thus, the mecha-
nism evidence comes from changing the memory



Table 9: Representative AlphaMemo factors selected on CSI500. Metrics are computed on the selection split.

Factor Formula Interpretation |IIC] |ICIR| |RankICIR|

SSPM_000 CsRank(TsMin(Div(TsSum(Where(Greater($close, temporal price change with 0.0325 0.4461 0.5237
Delay($close,5)),Delta(Log(Add($volume,1.0)),5),0.0) cross-sectional/temporal rank-
,10), TsStd(TsSum(Where(Greater($close, Delay($close, 5)), ing
Delta(Log(Add($volume, 1.0)),5),0.0),10),60)),20))

SSPM_017 TsRank(Where(Greater($close, Delay($close,5)), temporal price change with tem- 0.0268 0.2877 0.1979
TsMean(Log(Add($volume,1.0)),5),0.0),20) poral volume level

SSPM_033 CsRank(Add(Where(Greater($close, Delay($close,5)), signed volume response to 0.0159 0.2310 0.3745
Delta(Log(Add($volume, 1.0)),5),0.0),Where(Less($close, price direction
Delay($close,5)),Neg(Delta(Log(Add($volume,1.0)),5)),0.0)))

SSPM_038 CsRank(Add(CsRank(Where(Greater($close, Delay($close,5)), rank aggregation with price- 0.0173 0.2243 0.3743
Delta(Log(Add($volume, 1.0)),5),Neg(Delta(Log(Add($volume, 1.0) volume interaction
),5)))),CsRank(Mul (Delta(Log(Add($volume, 1.9)),5),Delta($close,
50

SSPM_036 CsRank(Add(CsRank(Where(Greater($close,Delay($close, longer-horizon price condition 0.0191 0.2299 0.3881

10)),Delta(Log(Add($volume,1.0)),10),0.0)),

and volume-price interaction

CsRank(Mul(Delta(Log(Add($volume,1.@)),5),Delta($close,5)))))

component while holding the underlying search
machinery fixed.
> Q5. Does AlphaMemo require delicate hyperpa-
rameter tuning?

The experiments show that memory strength mat-
ters, but the method is not a black-box hyperpa-
rameter trick. Weak, strong, APV-only, balanced,
and residual variants expose a clear calibration pat-
tern. Balanced memory is stronger on CSI 500,
while residual memory is stronger on S&P 500 for
most reported metrics. We report both operating
points transparently and list their parameters in Ap-
pendix C, rather than hiding the tradeoff behind a
single averaged score.
> Q6. Why not use policy fine-tuning, reinforce-
ment learning, or full trajectory replay instead?

Policy fine-tuning and reinforcement learning
can be powerful, but they are expensive and can
overfit noisy non-stationary financial feedback.
Full trajectory replay preserves more information,
but it quickly grows large and can inject irrelevant
historical context into later decisions. AlphaMemo
takes a lighter route: it compresses trajectories into
structured parent-edit-outcome statistics and ap-
plies them as residual evidence at inference time.
This keeps the agent adaptive without requiring a
separate policy-training loop.
> Q7. How can AlphaMemo complement existing
alpha-mining systems?

AlphaMemo is most naturally viewed as a mem-
ory layer for iterative formula search. It can sit
on top of human-designed factor libraries, sym-
bolic search, or LLM-based generators by record-
ing which edits are productive under repeated eval-
uation. This is especially useful when the genera-
tor is strong but feedback is sparse and noisy: the
memory layer filters repeated failures, encourages
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reusable motifs, and leaves the generator free to
propose novel expressions.
> 8. What remains outside the current scope?
AlphaMemo still depends on a reliable evalua-
tor, a well-defined symbolic operator grammar, and
enough repeated edit observations to estimate mem-
ory statistics. Its advantage should be strongest in
medium- or long-budget search, where local edit
behaviors recur across parent contexts. For very
small budgets, the confidence gate naturally sup-
presses uncertain memory and the method behaves
closer to the base search ledger. Future work can
extend the memory to richer market states, multi-
horizon objectives, and live paper-trading evalua-
tion, but the present design already addresses the
core issue studied here: how a self-evolving alpha-
mining agent can reuse search experience without
storing brittle full trajectories.

F Statements on Al Assistants in
Research and Writing

We used LLM assistants for language polishing and
code refactoring during this work. All scientific
claims, experimental results, and analyses were pro-
duced and verified by the authors. No Al-generated
text was included without author review.
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