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Discovering effective alphas from noisy, non-stationary financial data remains a challenging open
problem. Recent LLM-based alpha discovery systems improve search automation, but they still largely
operate within human-specified research protocols and the evolving object is typically the alpha
formulas or mining trajectory, rather than the researcher itself. To address these gaps, we introduce
STAR, the first self-tuning alpha researcher that elevates the object of evolution from individual
alpha formulas to the alpha researcher itself. STAR couples an LLM-based alpha researcher with a
metacognitive module that can revise the research scaffold, while fixed and isolated validation/test
data and a host-side evaluator preserve the integrity of the utility channel, and the search policy
prioritizes lineages with stronger descendants. Under a leakage-controlled forward protocol on the
most recent 2026Q1 deployment window on CSI300, evolved STAR researchers generate substantially
higher quality alphas than the base model, shifting median IR from 1.6 to 3.9. It also significantly
outperforms a comprehensive set of strong baselines in downstream performance, with 17% quarterly
excess return, IR of 1.54, and maximum drawdown below 3%. Qualitative analysis further indicates
that these gains arise from genuine researcher evolution, including a 6.9× expansion of operator
vocabulary, new tools, and improved research protocols. These results highlight the effectiveness
of self-evolving agents in improving capabilities in noisy, weak-supervision domains, and position
them as a promising pathway toward building more capable financial researchers.

Correspondence: fs604@cam.ac.uk, xq227@cam.ac.uk

1 Introduction

Alpha discovery, the search for predictive, economically grounded, and interpretable signals of future asset
returns, lies at the heart of quantitative investing. High-quality signal libraries not only explain substantial
variation in asset returns, but also shape academic asset-pricing theory and real-world portfolio construction.
As a result, investors who identify robust signals early and deploy them effectively can earn meaningful
risk-adjusted returns.

Historically, alpha discovery has evolved through several paradigms. Early work relied primarily on human
expertise and hypothesis-driven factor design, including economic factor models, accounting characteristics,
technical rules, and manually engineered signal libraries (Sharpe, 1964; Fama and French, 1993; Jegadeesh
and Titman, 1993; Carhart, 1997; Kakushadze, 2016). Attempts at automation then turned to heuristic search,
symbolic regression, and genetic programming to explore interpretable rule spaces directly (Neely et al., 1997;
Allen and Karjalainen, 1999; Zhang et al., 2020; Cui et al., 2021). Additionally, machine learning methods
showed that nonlinear predictor interactions can materially improve return forecasting, while symbolic and
formulaic approaches sought to preserve interpretability by searching directly over compositional expressions
(Gu et al., 2020; Xu et al., 2021; Duan et al., 2022; Zhang et al., 2020; Cui et al., 2021; Yu et al., 2023; Ren et al.,
2024; Zhao et al., 2025).

More recently, the emergence of large language models (LLMs) has provided an alternative approach to
this problem. Rather than searching only over symbolic trees or opaque function approximators, LLM-
based systems can formulate qualitative market hypotheses, translate textual and domain knowledge into
executable factor expressions, and revise candidate signals using code-level and backtest feedback (Li et al.,
2024; Wang et al., 2023). This shift has been further accelerated by increasingly autonomous agentic systems
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for quantitative research (Tang et al., 2025; Shi et al., 2026b; Li et al., 2025; Wang et al., 2026; Han et al., 2026;
Guo et al., 2026). Collectively, these studies suggest that LLMs are useful not merely as natural-language
interfaces, but as components of end-to-end research systems that operate across the full cycle of factor
ideation, implementation, evaluation, and iterative refinement.

Despite this progress, most existing alpha discovery systems still operate within a predominantly human-
specified research protocol. The object of evolution is typically limited to alpha factors or their trajectories,
while the surrounding scaffold, including the agent prompt, mutation or recombination rules, quality checks,
filtering criteria, and overall workflow, is fixed ex ante. The underlying operator library is likewise usually
fixed or expanded only through manual intervention during search. In other words, prior systems aim to
improve outcome within a pre-determined agentic scaffold rather than improving the scaffold itself. As a
result, these systems more closely resemble highly capable assistants operating inside a fixed laboratory
protocol than autonomous researchers capable of expanding their own methodology.

Recent work on recursive self-improvement makes this limitation explicit. Self-improving agents inspired
by Darwinian (DGM (Zhang et al., 2025)) and Huxleyan (HGM (Wang et al., 2025)) views of evolution have
been shown to discover stronger harnesses to perform coding tasks. Hyperagents (Zhang et al., 2026) argued
that sustained progress may require the meta-level mechanism that generates future modifications to be
editable as well. This distinction is especially important for alpha discovery: if the agent cannot expand
its own toolbox, revise its own search policy, or alter the mathematical ingredients from which factors are
composed, then its autonomy remains fundamentally bounded by human design.

Motivated by this gap, we present STAR, the first self-tuning alpha researcher. The key idea is to extend the
target of evolution from individual factors to the research process itself. Rather than evolving only candidate
alphas, STAR allows the agent to revise the code and procedures that govern future discovery, including
search, retrieval, memory, tool use, operator construction, and the meta-level mechanism that converts past
evidence into researcher improvements. This enables the system to improve not only what factors it discovers,
but also how it discovers them.

We evaluate STAR under a leakage-controlled forward protocol designed to test deployable alpha discovery.
Rather than using prolonged test windows that can smooth over heterogeneous regimes, our setting asks a
stricter and more realistic question: can a researcher use a recent data panel to generate alphas that transfer
to the immediately subsequent deployment window? We empirically show that, with the foundation model
fixed, evolved STAR researchers substantially improve generated-alpha quality relative to the base model,
shifting the held-out IR distribution upward: median IR increases from approximately 1.6 to 3.9, with all
paired seed comparisons positive on the CSI300 2026Q1 forward test. On the same held-out period, STAR
also achieves the strongest reported IR, excess return, and drawdown profile among a comprehensive set of
baselines.

Qualitative analysis further indicates that these gains come from genuine researcher evolution rather than
shallow node selection. The strongest policies emerge deep within productive clades of the search tree,
supporting the role of clade-level credit assignment. The evolved researcher also expands its operator
vocabulary by approximately 6.9× within the search budget and introduces new protocols and tools for
memory retrieval, candidate validation, mechanism balancing, and failure-aware generation. Together,
these results show that self-evolving agents are not confined to coding and mathematics: they can improve
capability in noisy, weak-supervision domains including where LLMs’ ability to discover predictive signal
from tabular market data remains far less established (Tang et al., 2025; Shi et al., 2026a; Luo et al., 2026; Ding
et al., 2025). STAR also highlights self-evolving frameworks as a promising pathway toward building more
capable financial researchers.

2 Related work

Automated alpha research. Automated alpha discovery has progressed from hand-crafted factor libraries
and manually designed formulaic signals (Kakushadze, 2016; Tulchinsky, 2019) to programmatic search
over interpretable expressions (Zhang et al., 2020; Cui et al., 2021), sequential symbolic decision making (Yu
et al., 2023; Ren et al., 2024), and dynamic factor combination or structure-aware exploration (Shi et al., 2025;
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Chen et al., 2025). More recently, LLM-based systems have shifted the interface toward language-guided
search: AlphaAgent regularizes LLM exploration for novelty, complexity, and hypothesis alignment (Tang
et al., 2025), while other systems combine LLM reasoning with dual-chain refinement, full-stack research
loops, or code-based evolution (Shi et al., 2026b; Cao et al., 2025; Li et al., 2025; Liu et al., 2025). Closely
related work further introduces modular skills, trajectory evolution, graph-structured factor pools, and
reproducible constrained generation (Wang et al., 2026; Han et al., 2026; Guo et al., 2026; Shi et al., 2026a).
Across these systems, however, the outer research protocol, such as mutation and crossover rules, memory
updates, filtering mechanism, is largely specified by hand before the search. Relative to prior alpha agents,
our contribution is therefore not only another alpha generation scaffold, but an evolutionary protocol that
allows the research scaffold to revise how future alphas are generated.

Self-improving agents. STAR also relates to self-improving program search. SWE-agent and ADAS show
that LLMs can operate and modify software workflows, while FunSearch and AlphaEvolve demonstrate
program discovery under external evaluator loops in mathematics, coding, and algorithmic design (Yang
et al., 2024; Hu et al., 2024; Romera-Paredes et al., 2024; Novikov et al., 2025). More directly, the Darwin–
Gödel Machine maintains an archive of self-modified coding agents and accepts descendants according
to empirical performance, while the Huxley–Gödel Machine allocates expansion according to clade-level
metaproductivity (Zhang et al., 2025; Wang et al., 2025). HyperAgents further argues that the mechanism
generating future modifications should itself be editable (Zhang et al., 2026). In contrast to these primarily
coding- or math-oriented settings, STAR studies self-improvement in financial research, where supervision is
noisy, delayed, regime-dependent, and vulnerable to leakage or adaptive overfitting. Moreover, the ability
of LLM agents to discover predictive signal from tabular market data itself is less established than their
coding or mathematical reasoning capabilities. STAR broadens self-improving agents beyond coding and
math, showing that it can operate in noisy, weak-supervision domains such as financial research.

3 Method

We introduce STAR, a self-tuning alpha research framework in which an LLM-based alpha researcher is
iteratively improved by a metacognitive module. Unlike prior alpha-mining systems that evolve candidate
factors inside a fixed, human-specified workflow, STAR treats large parts of the research process itself, such as
prompting, memory construction, tool use, operator exposure, and search protocol, as editable program state,
while keeping the evaluator and the held-out data boundary fixed and isolated to preserve integrity. The
object of search is therefore not merely the alpha formula, but the alpha researcher itself. This asymmetry is
the central design principle: in finance, where supervision is scalar, noisy, and easy to overfit, open-ended
self-improvement is credible only when the measurement channel is less mutable than the search process it
supervises.

3.1 Researcher
STAR evolves programmatic financial researchers: task-level agents that translate financial hypotheses into
executable, machine-evaluable candidate signals. This abstraction is not tied to a particular data modality or
asset class. A researcher may operate on OHLCV → (open, high, low, close, volume) panels, fundamentals,
sentiment, order-book states, cross-asset panels, or other financial inputs, as long as its outputs conform to
a fixed evaluation interface. In this paper, we instantiate this abstraction in a stock OHLCV-based alpha
research setting, which provides a concrete and reproducible testbed for studying self-tuning researcher
evolution.

During evolution, STAR maintains an archive tree of researcher snapshots. Each archive node a corresponds to
a frozen researcher state. The researcher at node a, denoted Aa, is defined by the fixed input/output research
interface, the frozen repository state Ra, and the available tool surface Ta. Given search data Dtr, Aa performs
end-to-end factor research and outputs a bounded set of candidate alpha programs:

Ca = Aa(Dtr; Ra, Ta) = {αa,1, . . . , αa,ma},

where each αa,j is an executable signal generator that conforms to the standardized interface and can be
evaluated by the host evaluator. In our experiments, these candidates are Python modules that map a daily
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Figure 1 Overview of STAR. STAR evolves an alpha researcher rather than only individual alpha formulas. At each archive
node, a frozen researcher snapshot (consists of (codea, prompta, memorya)) , receives search-window OHLCV data and
alpha contract, then emits candidate alpha programs. A fixed host evaluator scores bounded candidate bundles on hidden
validation windows and converts each admitted call into a single binary success observation. A metacognitive module
reads only train-side lineage information and reports, then patches the state of the researcher or itself to create a child
node. Clade-level metaproductivity allocates evaluation and modification budget toward lineages whose descendants
repeatedly produce better alphas. Final evolved alpha research policies at budget exhaustion obtain stronger capability
in generating high quality alphas.

OHLCV panel to a T × N signal matrix, accompanied by the corresponding market hypothesis and working
traces. The repository state Ra contains the task prompt, memory system, and alpha contract that determine
how financial hypotheses are translated into executable alphas. Thus, while our empirical instantiation
focuses on stock-OHLCV alphas, the conceptual object being evolved is broader: STAR provides a recipe for
evolving programmatic financial researchers under any setting where candidate research outputs can be
expressed, executed, and scored through a fixed interface.

3.2 Meta-cognition
We augment the researcher with a metacognitive module, which generates higher-order revisions that create
descendant archive nodes. To create a child node a from parent p(a), the metacognitive module consumes a
sanitized meta-view H<a of the archive, including train-side lineage information, prior alpha candidates,
train-side reports, and failure traces, and emits a patch ∆a:

∆a = Mp(a)(H<a; Rp(a)), Ra = ∆a(Rp(a)).

The child node a then freezes its own repository state Ra at creation.

Following (Zhang et al., 2026), the patch is intentionally broad. It may revise the entire workspace of the alpha
researcher and the metacognitive module itself, saving only for the evaluator (including metric definition) and
the held-out data boundary which remain outside the editable surface to maintain rigorous of the evaluation
pipeline. This design follows the central intuition that long-horizon self-improvement requires not only better
task outputs, but also the ability to improve the mechanism that generates future improvements. For alpha
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discovery, the bottleneck is often procedural rather than purely combinatorial. For instance, fixed workflow
may repeatedly rediscover crowded motifs, under-explore useful operator families, or reject promising
candidates because of brittle novelty heuristics (Tang et al., 2025; Wang et al., 2026). Metacognition gives the
system a way to discover unintended research habits and revise them accordingly without pre-defined scope
or human intervention, shifting the evolutionary object from the alpha formula alone to include the research
policy that produces it.

3.3 The Evolution
Conceptually, financial researcher together with its metacognitive module is a Gödel-machine-style self-
referential program: a Turing-complete process that may rewrite parts of its own code in pursuit of a fixed
utility, and that, in the idealized setting, executes only those self-rewrites whose value can be proved under a
fixed axiom system (Schmidhuber, 2003). Two recent lines of work relax this proof requirement to make the
schema operational. The Darwin–Gödel Machine (DGM) (Zhang et al., 2025) replaces formal proofs with
empirical performance improvements: it maintains an archive of agent variants, samples parents to mutate,
and accepts descendants based on downstream benchmark performance. The Huxley–Gödel Machine (HGM)
(Wang et al., 2025) further sharpens DGM’s exploration by recognizing that immediate benchmark score may
not be a reliable predictor of long-run improvement value, and therefore expands lineages whose clade-level
metaproductivity, the probability that the subtree of descendants will eventually contain a strong agent, is
high (see Appendix A).

HGM, however, rests on four core assumptions (Wang et al., 2025) (details in Appendix A). Taken literally,
these assumptions do not hold in alpha discovery. Financial returns are non-stationary across calendar
regimes. Validation rewards are scalar and noisy. Backtests can be expensive rather than cost-free proof
certificates. Additionally, an LLM-generated researcher may occasionally fail to compile or emit alpha that
strictly adhere to the formatting contract.

We therefore adapt the schema by intervening on each challenging point. Most importantly, we do not
assume that markets are stationary, but, instead, make the search interface stationary by freezing the researcher,
the data distribution, and the evaluator used to define one atomic trial. The HGM assumptions then hold for
the induced Bernoulli process observed by the scheduler.

Specifically, each archive node a is created with an immutable researcher snapshot

σa = (codea, prompta, memorya).

Search-evaluation outcomes are never written back into σa. The host also pins all non-editable components
of the evaluation environment, including the evaluator image, package versions, data hashes, tradability
mask, inference configuration, and decoding parameters. Thus, repeated evaluations of the same node call
the same researcher distribution under the same evaluator, rather than a researcher whose prompt, memory,
dependencies, or validation rule have drifted over time.

Then, we define an atomic evaluation of node a as follows. The host first sample a search window wtr and
pairwise disjoint validation windows wk = {(w1,k, . . . , w6,k)}Kmax

k=1 from the fixed search pool. Only wtr is
exposed to the researcher for within-call discovery, while six validation windows are sampled independently
from the same distribution and are hidden to agents. The frozen researcher then emits a bounded candidate
bundle Φa(ξ) = {ϕk}K

k=1, with 0 ≤ K ≤ Kmax = 20. The host evaluates each valid ϕk on its corresponding
hidden validation tuple. Invalid code, failed compilation, malformed output, or an empty alpha bundle is
represented by K = 0. For a candidate ϕk, define

gℓ(ϕk, wk) = 1

[
6

∑
j=1

1

[
IRwj,k (ϕk) > θℓ

]
≥ 4

]
,

where IRwj,k (ϕk) is the information ratio (IR)1 on validation window wj,k, and θℓ is the level-specific success
threshold. Because IR distributions can vary substantially across models and datasets, a fixed success

1IR is the natural objective for training an alpha researcher because the economic target is persistent risk-adjusted active return, not
raw return. Raw returns can be increased by loading on leverage. IR instead measures expected active return per unit of active risk,
aligning the search criterion with the value of a deployable alpha signal (Sharpe, 1966; Grinold and Kahn, 2000).
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threshold may either be too permissive, yielding little selection signal, or too stringent, causing nearly all
candidates to fail. We therefore evaluate candidates across curriculum levels ℓ, each with a level-specific
threshold θℓ, allowing the search to adaptively balance exploration and exploitation. A candidate is successful
if it clears the threshold on at least four of the six windows.

The full researcher call is then collapsed to a single Bernoulli outcome,

Y(ℓ)
a = 1

[
max

1≤k≤K
gℓ(ϕk, wk) = 1

]
,

with the convention that the maximum over an empty bundle is zero. Thus every call, including failed
compiles and empty bundles, produces exactly one binary outcome.

In aggregate, the system satisfies the four HGM assumptions. First, the search policy is evaluated only
through the researcher returned at budget exhaustion, and hidden held-out test data are not available to
the search procedure. Second, each node’s repository snapshot is frozen at creation time. Hence, for a
fixed curriculum level ℓ, selecting node a induces a fixed host-side measurement kernel. Conditional on the
non-anticipating scheduler selecting (a, ℓ), each admitted atomic evaluation draws fresh host randomness
and produces a Bernoulli outcome with success probability p(ℓ)a . The resulting active outcomes therefore
contribute the standard Bernoulli likelihood under adaptive scheduling (Appendix B.1). When the curriculum
advances, previous threshold-dependent utility evidence is discarded to avoid polluting the HGM search
process. Third, the system maintains a strict separation between research context and utility measurement.
Hidden validation measurements, held-out test data, posterior counts, clade accumulators, curriculum-
trigger statistics, and final selection scores are not exposed to the researcher or metacognitive module.
Training-side evidence and sanitized failure traces may influence future search only by shaping the creation
of descendant repository snapshots; they are not used directly as utility observations in the evaluator, CMP
posterior, curriculum trigger, or final selection score. Fourth, STAR implements an HGM-compatible action
accounting interface using typed host-side ledgers. Each admitted search-time evaluation consumes one
unit of evaluation budget and contributes exactly one binary outcome to the active posterior. Each admitted
modification attempt, including an invalid or failed patch, consumes one unit of modification budget and
may be retained only as a sanitized failure trace. Thus, no self-modification attempt receives a free retry – it
is charged in the overall action accounting even though it does not create a node-level posterior observation.
Lastly, admitted candidates that fail during measurement are recorded as Y = 0. The bounded bundle size
Kmax prevents unbounded within-call search from being hidden inside a single budget unit, and single-bit
aggregation prevents a node from receiving multiple posterior observations from one atomic evaluation.
Thus, the cost model exposed to the system matches the actual search interface.

4 Experiments

We present the method of STAR, a self-improving alpha-discovery system, in §3. We evaluate its effectiveness
under a leakage-controlled financial supervision protocol, and attempt to answer the following research
questions:

• RQ1: Policy improvement. Can alpha research policies evolved under STAR generate higher quality
alphas than the base model?

• RQ2: Downstream performance. Do alphas discovered by evolved research policies yield stronger
cost-aware held-out portfolio performance than baseline-derived alphas?

• RQ3: Lineage-level search dynamics. Does STAR allocate budget toward productive clades, and do
strong researchers emerge through multi-step refinement rather than lucky shallow nodes?

• RQ4: Anatomy of capability gain. How does STAR reshape the researcher’s internal scaffold to support
stronger alpha discovery?
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4.1 Setup
Dataset and Model We evaluate on CSI300, a point-in-time universe covering the liquid large-cap segment
of the China A-share market. We choose this setting because alphas in canonical markets such as the S&P
500 have been found to be more heavily arbitraged and fragile (Fama and French, 2010; Chordia et al., 2014;
Hou et al., 2017). In contrast, CSI300 has a distinct market structure, higher retail participation, and stronger
regime- and sentiment-driven effects (Qiu et al., 2023; Han and Shi, 2022; Hou et al., 2023), and therefore
provides a liquid but less saturated testbed for assessing whether the researcher can discover robust signals.

Existing LLM-based alpha discovery methods typically mine signals from and evaluate their returns over
long historical windows (Tang et al., 2025; Han et al., 2026; Liu et al., 2025). However, multi-year test
windows can average out heterogeneous regimes and mask regime-conditional failures (Welch and Goyal,
2008; OrientSecurities, 2026), amplify data-snooping bias in alpha discovery (Sullivan et al., 1999), and reward
slow regime reversion rather than signals that remain actionable immediately after discovery (Tashman, 2000;
Giacomini and White, 2006). The setting is also inconsistent with evidence that alpha information decays
over sub-year horizons and with industry practice of frequent, often quarterly, reassessment and rebalancing
(Di Mascio et al., 2017; Flint and Vermaak, 2023; Zhou and Lin, 2017; Shrivastava et al., 2018). Additionally
and critically, if the evaluation period overlaps with data that may have appeared in the model’s pretraining
corpus, performance can be confounded by temporal leakage rather than genuine forward discovery.

To mitigate these issues, the alpha research policy is evolved using the 2019–2024 search and validation
pool, which provides cross-regime breadth across COVID stress, reopening, policy-driven rotations, liquidity
cycles, and factor/style reversals. After evolution, we freeze the researcher and give it only 2025 data to
generate and select deployable alphas, which are then evaluated on the strictly disjoint 2026Q1 window. This
protocol mirrors the practical setting in which an alpha researcher is trained on past regimes, deployed using
the most recent data, and judged on the next short forward period. Finally, we consistently use GPT-5.1 for
STAR and all LLM-based alpha discovery baselines, and its September 30, 2024 knowledge cutoff precedes
our 2025–2026Q1 evaluation period (OpenAI, 2025). The final forward test mitigates the risk that the LLM is
exploiting memorized market outcomes rather than discovering signals from the provided data. More details
in Appendix C.1.

Metrics. We report the information ratio (IR) of the net-of-cost long-only TopK-Dropout sleeve as the
primary metric, since it directly matches our objective of evolving an alpha researcher that discovers signals
with stronger deployable portfolio performance. We also report strategy-level metrics, including benchmark
excess return (ER) and maximum drawdown (MDD). Additionally, we include RankIC and RankICIR
as secondary factor-level diagnostics against the same 10-day open-to-open return target. These cross-
sectional metrics capture a different notion of predictive quality from the portfolio-level IR and are therefore
informative but not directly comparable to the optimized objective. Appendix C.2.

4.2 Results
Improvement of alpha researcher. First, we evaluate whether the alpha researcher, augmented by the
evolved scaffold, is better able to discover predictive signal from tabular market data.

Figures 2 isolate the contribution of the evolved alpha researcher state relative to base GPT-5.1 model.
Figure 2a compares the per-alpha IR distribution, pooling generated alphas across variants and seeds. The
evolved researcher shift the entire distribution upward: median IR increases from approximately 1.6 for
the base model to 3.9 for the evolved researcher, representing a 2.4x increase. Additionally, the evolved
interquartile range not only lies significantly above, but also more tightly than, the baseline distribution.
This indicates that the evolved researcher does not merely produce a few lucky outliers, but improves the
typical quality and consistency of generated alphas. Figure 2b confirms this effect under a paired design:
for each matched seed pair, we subtract the mean IR of the corresponding no-scaffold baseline call from
the mean IR of the evolved researcher call. All 15 valid paired differences are positive, with ∆IR ranging
from approximately 1.3 to 3.3, a mean and median of approximately 2.1 and 2.0 respectively, and a one-sided
Wilcoxon signed-rank of p = 0.0001.

With the foundation model fixed, the results show that alpha-discovery capability depends not only on the
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(a) IR distribution. (b) Paired ∆IR.

Figure 2 Evolved alpha research policies versus the base model. Left: IR distribution of alphas generated by the
top-5 evolved research policies compared with the base model across three seeds. Right: Paired IR improvement under
matched seeds, computed as the mean IR of alphas generated by evolved policies minus the mean IR of alphas generated
by the base model. Box edges indicate the 25th/75th percentiles, whiskers span the bulk of the data, and jittered dots
show individual alphas or paired samples.

base model, but also on the researcher scaffold around it. STAR improves this scaffold through search-derived
memory, operators, tools, and executable state, yielding stronger forward alphas than the base model alone.

Improvement of downstream alpha performance. We next conduct a comprehensive downstream eval-
uation of whether the discovered frontier improves final alpha quality. We compare STAR against four
complementary baseline families spanning standard supervised predictors, deep learning models, public
factor libraries, and recent LLM-based alpha-mining agents (Table 1). Specifically, the comparison includes:
(1) machine learning models commonly used in quantitative finance: AdaBoost (Freund and Schapire,
1997), Random Forest (Breiman, 2001), XGBoost (Chen and Guestrin, 2016), LightGBM (Ke et al., 2017),
and CatBoost (Prokhorenkova et al., 2018); (2) representative deep learning models: LSTM (Hochreiter
and Schmidhuber, 1997), Transformer (Vaswani et al., 2017), and TRA (Lin et al., 2021), a finance-specific
temporal routing model with mixture-style, state-conditioned heads over an LSTM backbone; (3) public alpha
libraries: Alpha158 and Alpha360 (Han et al., 2026); and (4) recent LLM-based alpha discovery methods:
AlphaAgent (Tang et al., 2025), QuantaAlpha (Han et al., 2026), and CogAlpha (Liu et al., 2025). This coverage
is designed to test STAR against both conventional return-prediction pipelines and the most directly related
agentic alpha discovery systems. Details of the baseline methods are provided in Appendix C.3.

As discussed in §4.1, prior LLM-based alpha discovery studies often generate, filter, and evaluate alphas
over extended multi-year windows that average across many regimes and overlap with the base model’s
pretraining period. We instead use a stricter forward protocol: the LLM observes only the post-cutoff 2025
OHLCV panel for alpha discovery, and performance is evaluated on the disjoint 2026Q1 held-out window.
This shorter forward horizon better reflects practical deployment and reassessment cycles in quantitative
investment. For STAR and all LLM-based alpha-mining baselines, we use the same base model, GPT-5.1, to
isolate the effect of the research scaffold rather than differences in model capability.

As shown in Table 1, alphas generated by STAR achieve the strongest held-out performance, with an IR of
1.54, compared with 1.31 for the closest baseline, LightGBM.2 The advantage is also visible in realized excess
return: STAR achieves 17% over the test period, whereas most baselines remain below 10%. Notably, existing
LLM-based agentic baselines appear brittle under this regime-dependent forward test, likely because they
mainly expand and filter candidate alpha pools using multi-year historical metrics. Such filtering can mask
regime sensitivity and transfer less robustly to realistic short deployment and rebalancing windows. In

2As discussed in §4.1, IR is the primary search target as it matches the long-only TopK-Dropout strategy, while RankIC and RankICIR
are full-cross-sectional diagnostics. The two need not align: RankIC can be positive without improving the traded top-K sleeve, and
weak full-universe RankIC can still coincide with strong localized top-K performance. We therefore treat IR, ER, and MDD as primary
metrics, with RankIC and RankICIR reported as secondary diagnostics.
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Table 1 CSI300 2026Q1 held-out results. Forward performance comparing STAR with various baseline methods.

Category Method IR ER MDD RankIC RankICIR

Machine Learning

XGBoost 0.985 0.084 0.082 0.003 0.017
LightGBM 1.306 0.128 0.049 0.011 0.086
RandomForest 0.845 0.076 0.057 −0.056 −0.339
CatBoost 1.001 0.091 0.073 0.004 0.028
AdaBoost 1.134 0.084 0.031 −0.043 −0.252

Deep Learning
LSTM 0.711 0.089 0.044 −0.069 −0.422
Transformer 0.358 0.052 0.064 −0.061 −0.329
TRA 0.374 0.054 0.052 −0.068 −0.323

Alpha Library Alpha158 0.432 0.032 0.046 −0.105 −0.447
Alpha360 0.348 0.017 0.029 −0.044 −0.261

LLM-based Agent
AlphaAgent −0.293 −0.015 0.030 0.053 0.404
QuantaAlpha −0.023 −0.005 0.030 0.040 0.257
CogAlpha −0.201 −0.009 0.040 −0.002 −0.012

Self Evolving Agent STAR 1.544 0.170 0.029 0.065 0.359

contrast, STAR evolves the alpha researcher itself, producing a search-derived scaffold rather than relying on
a fixed filtering rule over output alphas.

Anatomy of the search tree To examine both the effectiveness of clade-level metaproductivity with Thomp-
son sampling and the possibility that strong evolved researchers arise from a few lucky shallow nodes, we
analyze how STAR traverses the search tree during evolution.

Figure 3 visualizes the search archive at budget exhaustion and reveals three qualitative patterns. First, the
top mature alpha researcher, marked by red borders, appear at substantial depth rather than near the root,
suggesting that strong researchers emerge through multi-step metacognitive refinement. Second, node area
shows that evaluations are concentrated in a small number of productive clades instead of being spread
uniformly across the tree. This is consistent with the lineage-level credit assignment in §3.3, which allocates
budget to branches whose descendants repeatedly produce positive outcomes. Third, node color varies
substantially across nearby nodes, indicating heterogeneous researcher quality across the search frontier.
Together, these patterns suggest that STAR is not simply selecting a lucky shallow prompt, but progressively
directing compute toward lineages that produce stronger mature policies.

Anatomy of capability gain We next inspect the internal changes in the evolved policy to understand how
they support the improved alpha generation capability and downstream performance observed above.

Figure 4 quantifies one aspect of this process by tracking the operator vocabulary invoked by generated alphas.
We define an operator as either a DSL primitive or a helper symbol imported into the alpha namespace, and
measure the cumulative union of operators used by any alpha emitted up to each node. Starting from a
compact 21-operator seed at the root, the vocabulary expands rapidly during the early exploratory phase
and ultimately reaches 144 operators over the full run. This indicates that the search does not collapse
into repeated use of a fixed hand-written factor template; instead, it continually broadens the constructive
language available for alpha generation, including ranking transformations, rolling statistics, masking logic,
normalization routines, and reusable helper abstractions.

The evolution also changes the research protocol itself. Along the productive trajectory, the researcher adds
routines for retrieving and summarizing strong alphas, fragile passers, novel but underperforming candidates,
non-novel variants, and overused operators from memory. It develops a keyword-based taxonomy of
alpha families spanning multiple mechanism classes, such as orderly drift, sponsorship/participation,
session pressure, compression, and gap/shock effects. This taxonomy is then used to structure each alpha-
generation batch: some slots exploit mechanisms that previously worked, while others explore under-
sampled or orthogonal families. The result is a more deliberate exploration–exploitation protocol than

9



Figure 3 STAR search tree illustraions. Each node is a frozen researcher snapshot. Edges denote metacognitive parent–
child patches. Node color encodes empirical success rate at the terminal curriculum level, and node area scales with the
number of validation trials, so heavily evaluated lineages appear larger. Red borders mark the top-performing evolved
alpha research policies. The top researchers emerge deep in the tree, while evaluation budget concentrates in a small
number of productive clades, illustrating lineage-level rather than purely node-local credit assignment.

one-shot generation. In addition, the researcher adds validation routines that check candidate format and
contract compliance, reducing uninformative failures caused by malformed code or invalid alpha outputs.

The metacognitive module evolves in parallel. As evaluation reports and lineage histories grow longer,
prompt-only inspection becomes increasingly brittle. The module therefore introduces tools to parse lineage
reports, inspect novelty, summarize parent-specific failure modes, and prune invalid or obsolete memory
entries. These changes turn the meta-loop from a generic patch generator into a more systematic mechanism
for reading accumulated evidence and converting it into targeted revisions of the descendant researcher.

Overall, the evolved policy is no longer a one-shot alpha generator. It becomes a closed-loop alpha-
construction system that reads memory, conditions search on lineage-specific failures, allocates mechanism
slots, audits generated code, repairs invalid batches, and expands the operator vocabulary available to future
generations. This open-ended scaffold evolution is central to STAR: it produces research policy improvements
that fixed, non-evolving alpha search procedures cannot access, and helps explain why the evolved researcher
scaffold yields stronger forward alpha discovery.

5 Conclusion

We introduced STAR, a framework for self-tuning alpha research policies rather than only individual alpha
formulas. STAR couples an LLM-based alpha researcher with a metacognitive module that can freely revise
the system, while keeping the validation/test data, and host-side evaluator fixed and isolated to preserve the
integrity of the utility channel. Search is guided by clade-level metaproductivity, which allocates evaluation
and modification budget toward lineages whose descendants repeatedly produce stronger alphas.

Under a leakage-controlled forward protocol, evolved STAR researchers generate substantially higher-quality
alphas than the base model and achieve stronger downstream performance than a comprehensive set of
baselines. Qualitative analysis further indicates that these gains arise from genuine researcher evolution,
including an expanded operator vocabulary, new tools, and improved research protocols. More broadly, STAR
shows that self-improving LLM agents can operate in domains where supervision is noisy and weak. It also

10



Figure 4 Operator vocabulary growth during evolution. Nodes are ordered by creation time. The blue curve shows
the cumulative number of distinct operators used by generated alphas; red bars mark first appearances; black markers
denote the productive backbone.

highlights self-evolving scaffolds as a critical pathway toward building more capable financial researchers.
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A Preliminaries

We are inspired by and build on the Huxley–Gödel Machine (HGM) (Wang et al., 2025), which formalizes
self-improvement as tree search guided by clade-level metaproductivity (CMP), and HyperAgents (Zhang
et al., 2026), which introduces metacognitive self-modification. We now reintroduce the core mathematical
machinery underlying the setup.

Following Wang et al. (2025), let Tt denote the archive tree after t host-admitted HGM actions, initialized at
T0 = {a0}. At each HGM action time, the scheduler chooses an action from

At = Mt ∪ Vt, Mt = {ma : a ∈ Tt}, Vt = {va : a ∈ Tt}.

A modification action ma attempts to create a self-modified child of a. If the attempted patch is invalid, the
action returns ⊥ and the tree is unchanged, but the attempt is still charged. An evaluation action va evaluates
a and appends a binary outcome Y ∈ {0, 1} to the active search record. After a budget of BHGM admitted
HGM actions, the policy returns

afinal = arg max
a∈TBHGM

Scoreπ(a),

and optimizes
J(π) = E[U(afinal)] ,

where U(a) is the fixed utility of agent a under the active task distribution.

For the theoretical analysis of the Gödel Machine (Schmidhuber, 2003) applied to self-improving coding
agents HGM, (Wang et al., 2025) made four main assumptions:

H1. Final-agent objective. The objective depends only on the final returned agent. Intermediate measure-
ments may guide search, but they are not themselves rewards in J(π).

H2. Repeatable stationary trials. For each fixed agent–task pair, the expected binary outcome is indepen-
dent of evaluation time and prior search history.

H3. Free proof/accounting updates. Proofs or posterior-accounting operations do not consume search
budget. Costly evidence-generating acts are charged separately.

H4. Unit-cost self-modification. Each admitted self-modification attempt has the same unit cost in the
HGM action clock. Failed modifications do not receive free retries.

Clade-level metaproductivity. Let CT (a) be the clade rooted at a, i.e., a together with all descendants of a
in tree T . When the tree is clear from context, write C(a). HGM defines the clade-level metaproductivity of
a under policy π as the expected utility of the best future agent in the clade after spending the remaining
budget:

CMPπ(T , a) = ETBHGM
∼pπ(·|T ,a)

U

 arg max
a′∈CTBHGM

(a)
Scoreπ(a′)

 .

When Scoreπ = U, this reduces to

CMPπ(T , a) = ETBHGM
∼pπ(·|T ,a)

 max
a′∈CTBHGM

(a)
U(a′)

 .

The HGM oracle theorem states that, under H1–H4, access to the CMP oracle is sufficient to implement the
Gödel-machine selection principle (Wang et al., 2025). Empirical HGM replaces this oracle by an accumulator
over binary clade outcomes. Let

SC(a) = ∑
b∈C(a)

Sb, FC(a) = ∑
b∈C(a)

Fb,
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where Sb and Fb are the numbers of successful and failed active search evaluations recorded at node b. The
empirical clade score is

ĈMP(a) =
SC(a)

SC(a) + FC(a)
when SC(a) + FC(a) > 0.

For Thompson-style expansion, the scheduler may draw

ϑa ∼ Beta(τt(1 + SC(a)), τt(1 + FC(a))) ,

where τt is the HGM temperature, and expand the node with the largest sample subject to the expansion gate.
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B Method Details

In this section, we show that although STAR evolves a programmatic financial researcher, its domain-specific
mechanisms preserve the HGM interface. Specifically, STAR satisfies the HGM operating conditions within
each fixed-threshold curriculum epoch, while curriculum transitions reset threshold-dependent evidence
and restart HGM-valid accounting on the inherited frozen archive.

As a recap, we have introduced the STAR framework in §3. We restate the list of invariants in STAR, which are
strictly enforced by the host boundary rather than softly by prompts.

S1. Frozen snapshots. Once a node a is created, its researcher state σa is immutable.

S2. Fixed measurement kernel and independent trial draws. Within each curriculum level, the measurement
kernel is fixed, including the evaluator, threshold, environment, model versions, data snapshot, and
validation-window sampler. Each atomic evaluation draws an independent validation tuple from this
fixed distribution, with the six within-tuple windows constrained to be pairwise disjoint.

S3. Isolated fresh trials. Conditional on selecting node a at level ℓ, the host draws fresh randomness ξ
independently of the prior transcript. The researcher sees only search data and its frozen repository
while hidden validation and held-out test data are accessible only to the host evaluator.

S4. Single bounded observation. Each admitted atomic evaluation produces exactly one binary outcome
Y ∈ {0, 1}, and no unbounded within-call search hidden inside one posterior observation.

S5. Charged action accounting. Fixed host-side budgets for both action types, including one unit of
modification budget consumption for each admitted modification attempt.

S6. Utility-channel isolation. Training-side artifacts may guide descendant construction, but never enter
the active search record, CMP estimates, curriculum triggers, or final selection. Hidden validation
outcomes are never written into editable researcher memory.

S7. Curriculum erasure. Threshold-dependent evidence is restarted at threshold transition.

B.1 Bernoulli Validity and Clade-Level Estimation
We first show that atomic STAR evaluations induce Bernoulli trials (Lemma 1) and that adaptive scheduling
preserves the corresponding Bernoulli likelihood (Lemma 2). We then show the exact node-level Beta
posterior and the associated empirical capability estimate. Aggregating these outcomes over descendants
yields the standard empirical HGM clade score within the same curriculum threshold (Proposition 1).

Lemma 1. Fix a node a and curriculum level ℓ, Y(ℓ)
a is a Bernoulli random variable with fixed success probability

p(ℓ)a = P
(

Y(ℓ)
a = 1 | σa, θℓ

)
.

Proof. The host evaluator is deterministic conditional on a fixed candidate program, window tuple, pinned
measurement kernel and random host draw ξ (S1-S3). Therefore Y(ℓ)

a (ξ) is a measurable map from the
trial randomness to {0, 1}. Its expectation is the constant p(ℓ)a above. Any failed measurement (e.g., invalid
code) is mapped to Y = 0, so it does not create missing data. The search-window randomness, hidden
validation-window randomness, LLM sampling randomness, and within-call dependence among the six
validation windows are all integrated into the fixed law of ξ. Hence the call-level outcome is Bernoulli with
fixed mean p(ℓ)a .

Lemma 2. Let Ft−1 be the full search transcript before atomic evaluation call t, including the tree, retained active
outcomes, failure traces, curriculum level, and scheduler state. Let At and Lt denote the node and curriculum level
selected by the scheduler. If (At, Lt) is Ft−1-measurable and the trial randomness at time t is fresh and independent of
Ft−1, then

P (Yt = 1 | Ft−1, At = a, Lt = ℓ) = p(ℓ)a .
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Moreover, for any realized active transcript containing outcomes

D(ℓ)
a = {Y(ℓ)

a,1 , . . . , Y(ℓ)

a,n(ℓ)
a
}

for a fixed existing node–level pair (a, ℓ), the likelihood contribution of these outcomes factors as

L
(

p(ℓ)a ; D(ℓ)
a

)
=

n(ℓ)
a

∏
i=1

(
p(ℓ)a

)Y(ℓ)
a,i

(
1 − p(ℓ)a

)1−Y(ℓ)
a,i ,

up to scheduler-dependent factors that do not depend on p(ℓ)a .

Proof. Conditioning on Ft−1 and the event (At, Lt) = (a, ℓ) fixes the selected frozen snapshot and threshold.
By S3, the next trial randomness is independent of Ft−1 and has the same law as in Lemma 1. Hence the
conditional success probability is p(ℓ)a .

For the likelihood statement, write the probability of a realized transcript as the product over time of two
factors: the scheduler’s probability of selecting an action given the past transcript, and the host evaluation
probability for the resulting outcome when an evaluation occurs. The scheduler factor is a function of the
observed past transcript, prior hyperparameters, and deterministic host policy; it does not depend on the
unknown value of p(ℓ)a except through outcomes already conditioned on in the transcript. Each time the
scheduler selects (a, ℓ), the evaluation factor is Bernoulli with parameter p(ℓ)a by the first part of the lemma.
Multiplying these factors over all selections of (a, ℓ) gives the displayed Bernoulli likelihood, times scheduler
factors independent of p(ℓ)a . This is the standard non-anticipating adaptive-sampling factorization; it does
not require the scheduler to select nodes independently of past outcomes.

Proposition 1. For any fixed existing node a and active curriculum level ℓ, let

S(ℓ)
a =

n(ℓ)
a

∑
i=1

Y(ℓ)
a,i , F(ℓ)

a = n(ℓ)
a − S(ℓ)

a .

With prior p(ℓ)a ∼ Beta(α0, β0), the exact posterior induced by the active search record is

p(ℓ)a | D(ℓ)
a ∼ Beta

(
α0 + S(ℓ)

a , β0 + F(ℓ)
a

)
.

Proof. By Lemma 2, the likelihood contribution of the active outcomes for (a, ℓ) is

(
p(ℓ)a

)S(ℓ)
a

(
1 − p(ℓ)a

)F(ℓ)
a

,

up to factors independent of p(ℓ)a . Multiplying by the Beta prior density gives

(
p(ℓ)a

)α0+S(ℓ)
a −1 (

1 − p(ℓ)a

)β0+F(ℓ)
a −1

,

which is the kernel of
Beta

(
α0 + S(ℓ)

a , β0 + F(ℓ)
a

)
.

The result holds under adaptive node selection because the selection rule is non-anticipating and contributes
no additional likelihood term involving p(ℓ)a .

The node-level empirical capability estimate is therefore

p̂(ℓ)a =
S(ℓ)

a

n(ℓ)
a

, n(ℓ)
a > 0.
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The clade-level HGM accumulator at level ℓ is obtained by summing active successes and failures over
descendants:

S(ℓ)
C (a) = ∑

b∈C(a)
S(ℓ)

b , F(ℓ)
C (a) = ∑

b∈C(a)
F(ℓ)

b .

B.2 Curriculum Transitions and Level-Local Stationarity
We next describe how STAR implements curriculum transitions and show that curriculum erasure restores
level-local stationarity (Proposition 2).

Let Tℓ be the stopping time at which STAR advances from level ℓ to level ℓ+ 1. A curriculum transition is the
operation

(TTℓ , θℓ+1,ERASEℓ→ℓ+1),

where θℓ+1 is fixed before any level-(ℓ+ 1) posterior update is admitted, and

ERASEℓ→ℓ+1

removes from every active scheduler quantity all search outcomes generated under θℓ. In particular, old-
threshold outcomes are removed from node posteriors, clade accumulators, expansion scores, curriculum
triggers, and final search-time selection scores. Tree topology and frozen node snapshots may be preserved.
Training reports, failure traces, and audit logs may also be preserved only subject to S6: they must be
sanitized search-side artifacts and must not expose hidden validation measurements, hidden validation-
window identities, old threshold labels, posterior counts, clade accumulators, curriculum-trigger statistics, or
final selection scores. Preserved artifacts may affect future search only through non-anticipating scheduling
or through the creation of descendant frozen snapshots; they are never treated as level-(ℓ + 1) utility
observations.

For example, with deterministic tie-breaking, STAR may define the current leader by

āℓ = arg max
a:n(ℓ)

a >0

p̂(ℓ)a

and advance the curriculum when
p̂(ℓ)āℓ > ρ and n(ℓ)

āℓ ≥ nmin.

After the transition, active counts restart at level ℓ+ 1.

Proposition 2. Suppose STAR transitions from curriculum level ℓ to ℓ+ 1 at stopping time Tℓ, applies ERASEℓ→ℓ+1
before admitting any level-(ℓ+ 1) posterior update, and preserves only artifacts allowed by S6.Then every retained
active search outcome after the transition is generated under threshold θℓ+1. Consequently, post-erasure search records
are stationary with respect to the level-local utility Uℓ+1(a) = p(ℓ+1)

a .

Proof. Before the transition, active outcomes are generated under θℓ. The success event depends explicitly on
θℓ through indicators of the form

1
[
IRWj(ϕk) > θℓ

]
.

If θℓ+1 ̸= θℓ, these outcomes are observations of a different binary random variable from the one defining
Y(ℓ+1)

a . The erasure operation removes all such old-threshold outcomes from every active posterior, clade
accumulator, expansion score, curriculum trigger, and final search-time selection score. Immediately after era-
sure, no retained active outcome was generated under the old threshold. Subsequent outcomes are generated
only by the fixed host sampler, frozen evaluator, and active threshold θℓ+1. By Lemma 2, for each selected
node a, the conditional success probability of a new outcome is p(ℓ+1)

a and is independent of prior search
history. Therefore every post-erasure utility observation counted by the active search record is generated
by the level-(ℓ+ 1) measurement kernel and has the level-local Bernoulli law Y(ℓ+1)

a ∼ Bernoulli(p(ℓ+1)
a )

conditional on selecting node a. Preserved sanitized artifacts may influence which nodes are selected, but by
S6 and Lemma 2 this non-anticipating adaptivity does not alter the level-(ℓ+ 1) Bernoulli likelihood.
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C Experimental Details

C.1 Configuration
Dataset. We use daily OHLCV data for point-in-time verified stock universes, adjusted for splits and
dividends. All OHLCV fields are drawn from a single data source (Sina) to ensure consistent adjustment,
suspension, and field conventions. For per-stock suspensions within an instrument’s observed trading range,
we carry forward the previous close and set turnover to zero.

We implement warm-up as context-only lookback. Each split prepends 60 trading days of OHLCV history
so that rolling alpha operators have sufficient past observations, but labels and metrics are computed
only on in-window dates. Warm-up rows are assigned missing forward returns and are excluded from
all metric calculations. To prevent boundary leakage, we apply a 13-trading-day tail embargo to every
split, corresponding to the 10-day label horizon, one-day execution lag, and a two-day safety buffer for
calendar/trading-day slippage. Labels are pre-shifted to represent tradable open-to-open returns from t + 1
to t + 11. During search phase, both training and validation windows are sampled exclusively from the
2019–2024 search pool, while the 2025–2026 held-out data is stored separately and made inaccessible to all
search and evaluation sandboxes.

Our protocol does not explicitly model daily price-limit constraints, to remain comparable with prior academic
factor-evaluation settings. This simplification is less consequential for CSI300 because its constituents are
highly liquid and less exposed to extreme liquidity events than small-cap or speculative segments. Existing
evidence suggests that one-day limit-up events are concentrated mainly outside the large-cap universe (Huaan
Securities, 2026), and over our experimental period, price-limit untradability affects only a small fraction of
CSI300 trading days and is unlikely to change the main conclusions.

Sandbox isolation. We enforce leakage control through isolated agent-facing sandboxes and a separate host-
side evaluator. The researcher sandbox exposes only the search window, a read-only researcher repository,
and writable scratch/output paths – validation and test data are not mounted. The metacognitive sandbox
exposes only the parent snapshot, train-side evaluation reports, and a writable staged copy of the researcher
state. During search, the host evaluator loads emitted alpha files and validation data to produce per-alpha
scores, but the held-out test pool remains inaccessible to all agent-facing processes. Final test evaluation is
performed only after evolution terminates, in a separate host-side pass with search-time artifacts removed.
This isolation ensures that reported test performance reflects genuine out-of-sample generalization rather
than accidental access to future data.

C.2 Metrics
We evaluate each candidate alpha with a frozen evaluator. After observing the daily bar ending at date
t, the alpha emits scores sα

t,i. Predictive metrics use future open-to-open returns, while portfolio metrics
execute trades at the next open. We follow prior work (Tang et al., 2025; Han et al., 2026) and use a long-only
TopK-Dropout sleeve. For CSI300, we set target book size K = 30 and daily dropout count Ndrop = 3.
Entry and exit transaction costs are copen = 5 bps and cclose = 15 bps, respectively, and are deducted before
computing any return statistic.

Let Ut denote the point-in-time tradable universe. All computations are restricted to the valid set

Vt = {i ∈ Ut : sα
t,i, opent+1,i, opent+2,i, opent+11,i are finite and tradable}.

Predictive metrics use the ten-trading-day open-to-open forward return

yt,i =
opent+11,i

opent+1,i
− 1. (1)

Dates whose labels cross a split boundary are embargoed. All reported metrics are computed on the remaining
valid evaluation dates T. For any time series xt, let x denote its mean over T, and let σ(x) denote its sample
standard deviation. A small ε is added to standard-deviation denominators for numerical stability.
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RankIC and RankICIR. For each date t, RankIC is the Spearman rank correlation between alpha scores
and future returns:

RankICt(α) = ρSpearman
(
{sα

t,i}i∈Vt , {yt,i}i∈Vt

)
. (2)

Dates with insufficient valid cross-sectional coverage are excluded. We report the time-series average

RankIC(α) = RankICt(α), (3)

and its information ratio

RankICIR(α) =
RankICt(α)

σ(RankICt(α)) + ε
. (4)

Strategy-level metrics. First, we show topK-dropout portfolio construction as follows. On each date t,
instruments are ranked by sα

t,i. Starting from the previous holdings, the evaluator removes non-tradable
names and replaces up to Ndrop held names with the highest-ranked eligible instruments not already held,
until the book reaches

Kt = min{K, |Vt|}.

This keeps the sleeve concentrated in the top-ranked names while inducing controlled daily turnover. Let Ht
denote the post-rebalance holdings selected using information available at date t. Trades execute at opent+1,
and the portfolio is held with equal weights

wt,i =

{
|Ht|−1, i ∈ Ht,
0, i /∈ Ht.

(5)

Let τ
buy
t+1 and τsell

t+1 denote the bought and sold notional at the rebalance. The transaction cost is

Ct+1 = copenτ
buy
t+1 + ccloseτsell

t+1.

The net one-day portfolio return is

rport
t+1 (α) = ∑

i∈Ht

wt,i

(
opent+2,i

opent+1,i
− 1

)
− Ct+1. (6)

Let rbench
t+1 denote the corresponding benchmark return. The cost-adjusted active return is

et+1(α) = rport
t+1 (α)− rbench

t+1 . (7)

IR. Information ratio is the risk-adjusted performance metric, measuring active return over a benchmark
over tracking error.

IR(α) =
√

N
et(α)

σ(et(α)) + ε
, (8)

where N is the number of trading days.

ER. Excess return over benchmark during the trading period. Reported ER is not annualized.

MDD. Maximum Drawdown is the largest peak-to-trough decline in cumulative excess returns.
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C.3 Downstream Performance Baselines
STAR differs from conventional alpha research baselines in that it improves the alpha research policy itself, rather
than optimizing only the final alpha formulas. Nevertheless, to evaluate downstream utility, we compare the
alphas discovered by the evolved research policy against four families of baselines: machine learning models,
deep learning models, public factor libraries (Alpha158 and Alpha360), and LLM-driven alpha-discovery
agents. All baselines are evaluated under the same universe, prediction horizon, transaction-cost model,
portfolio construction rule, and 2026Q1 test protocol.

To evaluate classical machine learning baselines, we train XGBoost, LightGBM, Random Forest, AdaBoost,
and CatBoost on the official Qlib Alpha158 feature panel under the matched chronological split. All baseline
hyperparameters are selected on the same 2025 validation split, with the 2026Q1 test period used exactly
once. To evaluate deep learning baselines, we consider LSTM, Transformer, and TRA, where TRA is a
finance-specific temporal routing model with mixture-style, state-conditioned heads over an LSTM backbone.
Following the standard Qlib deep learning convention, these models are trained on 60-day windows of
price-volume features normalized by the same-day close, with per-feature z-score standardization fitted on
the training split and clipped to ±5σ.

Additionally, we evaluate LLM-driven alpha discovery systems, including AlphaAgent (Tang et al., 2025),
QuantaAlpha (Han et al., 2026), and CogAlpha (Liu et al., 2025). AlphaAgent and QuantaAlpha are run using
their official released repositories. Since CogAlpha does not provide public source code, we re-implement it
from the published description. CogAlpha specifies large search-population hyperparameters, including
the initial-pool, parent-pool, and child-pool sizes, which can yield substantially more candidate alphas
than the other agentic baselines. To prevent the comparison from being dominated by brute-force proposal
volume, we evaluate CogAlpha under a budget-normalized configuration with reduced population sizes.
This configuration produces roughly 5k candidate alphas, which is larger than the alpha-pool scale of the
other LLM-based agentic baselines but remains within the same order of magnitude. We then apply the
filtering procedure described in the paper to obtain the qualified alpha set. This setup tests whether CogAlpha
can produce high-quality alphas under a comparable proposal budget, rather than benefiting primarily from
a much larger candidate pool.
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