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Abstract

Large Language Models (LLMs) are increas-
ingly applied to alpha mining in quantita-
tive finance, marking a shift from generating
simple symbolic formulas to producing exe-
cutable, code-based strategies. While code
generation offers greater expressiveness, it in-
troduces critical risks absent in symbolic ap-
proaches, including temporal causality vio-
lations (look-ahead bias) and stateful logic
bugs. Existing benchmarks largely rely on
outcome-driven metrics (e.g., backtesting prof-
itability), which often conflate market stochas-
ticity or unintended information leakage with
genuine reasoning competence. We intro-
duce ALPHAQT-BENCH, a diagnostic bench-
mark for instruction-grounded financial code
generation under strict semantic and tempo-
ral constraints. Unlike general-purpose cod-
ing benchmarks, ALPHAQT-BENCH adopts a
multi-layer evaluation protocol that assesses:
(1) executability, (2) causality safety via a dy-
namic truncation test, (3) functional accuracy,
and (4) structural compliance through vector-
ization analysis. Experiments across 12 rep-
resentative LLMs reveal a substantial gap be-
tween surface-level success (e.g., executability)
and verified quantitative correctness, as many
models fail under causal, structural, or func-
tional constraints. By shifting evaluation from
profitability to process reliability, ALPHAQT-
BENCH provides a principled safety audit for
emerging LLM-based quantitative systems.

1 Introduction

Alpha mining lies at the core of quantitative fi-
nance, where the objective is to discover trading
signals that generate excess returns (Fama and
French, 1993; Zhang et al., 2025). Traditionally,
this process relied on closed-form symbolic fac-
tors composed of predefined operators, offering
limited expressiveness but strong implicit safety
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guarantees (Yu et al., 2023; Shi et al., 2025a). Re-
cent advances in Large Language Models (LLMs)
are reshaping this paradigm by enabling automated
code-based alpha generation, in which alpha fac-
tors are implemented as executable programs that
support more expressive operations, such as condi-
tional logic and stateful transformations (Liu et al.,
2025). While this transition substantially expands
the space of representable strategies, it also intro-
duces new challenges in verifying whether gener-
ated code reflects correct quantitative reasoning.

Recently, LLMs have demonstrated strong ca-
pabilities in general-purpose code generation (Li
et al., 2022; Jiang et al., 2024), achieving su-
perior performance on benchmarks such as Hu-
manEval (Chen et al., 2021) and MBPP (Austin
et al,, 2021). However, success in generating
runnable code does not necessarily imply correct
quantitative reasoning. In the context of alpha min-
ing, correctness extends beyond syntactic validity
or numerical plausibility, and crucially depends
on adherence to domain-specific principles that
govern financial data and trading logic. Quanti-
tative finance imposes strict semantic constraints
that are largely invisible to general-purpose code
evaluation. In particular, Temporal Causality pro-
hibits any use of future information when com-
puting trading signals, as even subtle look-ahead
bias can invalidate empirical findings. In addition,
practical evaluation of quantitative code often re-
quires Stateful Vectorization, which enforces that
state-dependent computations (e.g., conditional
rolling statistics or exponential smoothing) be im-
plemented using efficient, loop-free array opera-
tions rather than explicit iterative constructs that
obscure data dependencies. Violations of either
constraint can produce implementations that ap-
pear correct under execution-based metrics, yet fail
to meet the quantitative or procedural standards
required for reliable alpha construction.

Despite the rapid development of LLM-based
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alpha mining systems, existing evaluation prac-
tices remain largely outcome-driven (Ding et al.,
2025; Luo et al., 2026). Much prior work assesses
model performance using downstream profitability
metrics, such as cumulative returns or information
ratio (Tang et al., 2025; Shi et al., 2025b). We
argue that such evaluation is misaligned with the
goal of measuring reasoning competence. Prof-
itability can conflate correctness with stochastic
effects: an implementation that inadvertently vio-
lates causal constraints (e.g., by peeking at future
data) may achieve inflated backtest performance,
while a logically sound factor can underperform
due to market noise. As a result, outcome-based
metrics provide limited diagnostic insight, making
it difficult to determine whether failures stem from
incorrect implementation, semantic misunderstand-
ing, or violations of fundamental safety constraints.

To fill this gap, we introduce ALPHAQT-
BENCH, a diagnostic benchmark designed to shift
evaluation from profitability to process reliability.
Rather than asking whether a model can generate
profit, ALPHAQT-BENCH assesses whether it can
faithfully translate quantitative intent into causally
valid and structurally compliant code. Tasks are
instruction-grounded and hierarchically organized
into three levels of difficulty, ranging from basic
factor construction to complex algorithmic reason-
ing. Beyond dataset construction, we propose a
multi-layer evaluation protocol that decomposes
performance into interpretable dimensions. Specif-
ically, the protocol evaluates (i) Executability, (ii)
Causality Safety via a dynamic truncation test, (iii)
Functional Accuracy against expert-written Golden
Code, and (iv) Structural Compliance through vec-
torization analysis. Experiments across 12 repre-
sentative LLMs reveal a substantial gap between
surface-level code generation success and verified
quantitative reasoning, with many models failing
under causal or structural constraints despite pro-
ducing runnable code.

In a nutshell, our contributions are threefold:

¢ We introduce ALPHAQT-BENCH, a curated
dataset of quantitative tasks that exposes the gap
between execution success and quantitative cor-
rectness, including failures caused by look-ahead
bias and stateful logic bugs.

* We propose a multi-layer evaluation protocol
that moves beyond execution success, diagnos-
ing failures across syntax, causality safety, func-
tional correctness, and structural compliance.

» Through extensive experiments, we reveal a sys-
tematic gap between surface-level code gener-
ation and robust quantitative reasoning, under-
scoring the need for domain-specific evaluation
and alignment in LLMs.

2 Related Work

2.1 Alpha Mining: From Symbolic Discovery
to Code Generation

Automated alpha mining remains a central chal-
lenge in quantitative finance. While traditional
methods such as Genetic Programming (GP) (Lin
et al., 2019; Su et al., 2022; Ren et al., 2024) have
been widely adopted, they often suffer from over-
fitting and limited interpretability. The advent of
LLMs has catalyzed a shift from heuristic search
toward more flexible, generative approaches.

Much prior work treats alpha mining as a sym-
bolic regression task, where LLMs synthesize math-
ematical expressions composed of predefined oper-
ators (e.g., Rank(Ts_ArgMax(Close, 10))). Rep-
resentative frameworks include AlphaAgent (Tang
et al., 2025), which employs regularization to miti-
gate alpha decay, and Chain-of-Alpha (Cao et al.,
2025), which utilizes a dual-chain mechanism for
joint generation and selection. These methods
benefit from implicit safety: confinement to state-
less, predefined operators inherently prevents many
forms of temporal leakage. However, this safety
comes at the cost of limited expressiveness, mak-
ing it difficult to represent the complex, regime-
switching, or stateful logic required in modern
quantitative research pipelines.

To address the expressiveness limitations of sym-
bolic representations, recent work has begun to
explore agentic, code-based paradigms for quan-
titative strategy development. Systems such as
RD-Agent (Q) (Li et al., 2025) introduce agentic
research-and-development frameworks in which
LLMs iteratively propose hypotheses and imple-
ment executable code within an end-to-end pipeline
that integrates backtesting and feedback, while Co-
gAlpha (Liu et al., 2025) investigates multi-level
cognitive architectures for sustained, code-level al-
pha discovery. However, this increased flexibility
introduces a critical new class of risks, which we
refer to as silent semantic errors. Unlike rigid sym-
bolic formulas, executable Python code permits
subtle temporal causality violations (e.g., improper
indexing or look-ahead bias) and stateful logic bugs
that are difficult to detect via simple execution or
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backtesting. While agentic systems primarily em-
phasize optimization and performance feedback
loops, ALPHAQT-BENCH focuses on auditing the
reliability of the code generation process itself.

2.2 Evaluation Paradigms: From Profitability
to Process Reliability

As LLMs transition from generating text to gener-
ating executable strategies, evaluation paradigms
should evolve from verifying syntactic correctness
to assessing domain-specific reasoning fidelity.

General-purpose code benchmarks, such as Hu-
manEval (Chen et al., 2021) and MBPP (Austin
et al., 2021), evaluate Python proficiency but lack
domain-specific constraints. They typically assess
functional correctness via unit tests that are agnos-
tic to time. Therefore, a model may achieve state-
of-the-art performance on HumanEval while pro-
ducing code that violates temporal causality (e.g.,
through centered normalization or improper index-
ing) in financial contexts, rendering the implemen-
tation unreliable despite being syntactically valid.

Recent alpha mining benchmarks, such as Al-
phaEval (Ding et al., 2025) and AlphaBench (Luo
et al., 2026), incorporate market data to evaluate
generated factors. However, these frameworks pri-
marily assess performance through downstream
backtesting metrics. Such outcome-based evalua-
tion is often misaligned with the goal of measuring
reasoning correctness. However, implementations
containing subtle look-ahead bias may yield in-
flated returns, while logically rigorous strategies
can underperform due to market stochasticity (Bai-
ley and Lépez de Prado, 2014; De Prado, 2018).
As a result, performance alone provides limited
diagnostic insight into whether the generated code
adheres to correct temporal and semantic reason-
ing.

There remains a lack of benchmarks that explic-
itly audit the process reliability of quantitative code
generation. ALPHAQT-BENCH addresses this gap
by introducing a diagnostic evaluation protocol that
verifies causal safety (via dynamic truncation tests)
and structural compliance (e.g., vectorization), de-
coupling the assessment of implementation correct-
ness from noisy market outcomes.

3 ALPHAQT-BENCH: Task and
Evaluation Framework

This section formalizes ALPHAQT-BENCH as a di-
agnostic benchmark for instruction-grounded code

generation under strict semantic and temporal con-
straints. We define the task setting, articulate the
core constraints that govern correctness, describe
the hierarchical dataset construction, and introduce
a multi-layer evaluation protocol designed to iso-
late distinct failure modes in quantitative reasoning.

3.1 Task Definition: Instruction-Grounded
Code Generation

We study the problem of instruction-grounded
quantitative code generation, where a model trans-
lates a natural language specification into an exe-
cutable code satisfies domain-specific constraints.
Input. The input is a natural language instruction
S describing a quantitative transformation over a
univariate time series. Instructions range from ex-
plicit specifications (e.g., fixed window sizes) to
underspecified requirements that force the model
to resolve implicit financial assumptions.

Output. The model must generate a Python func-
tion f that maps an input data tensor D € RT*/,
which contains historical observations such as open,
high, low, close, and volume (OHLCYV), to a one-
dimensional signal series:

y = f(D),

The generated function must return a series aligned
with the input timeline, where each output value
represents the signal state at time step ¢.
Correctness Criterion. Correctness criterion in
ALPHAQT-BENCH is defined not merely by exe-
cution success, but by strict adherence to temporal
causality and semantic alignment with the expert-
verified ground truth.

y € RT. (D

3.2 Semantic and Temporal Constraints

Unlike general-purpose programming, time-series
code generation is governed by global constraints
that cannot be reliably verified through a finite set
of local unit tests alone.

Temporal Causality as a Global Semantic Invari-
ant. The primary constraint is temporal causal-
ity: the output at time ¢ must depend only on in-
formation available up to that time. Formally, a
causally valid implementation must satisfy:

Yt = f(DO:t),

Any dependence on future observations D; i (kK >
0) constitutes a look-ahead bias. Such violations
are particularly insidious in practical code genera-
tion settings, as programs may remain syntactically

vt € [1,7). 2)
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valid and executable while silently incorporating
future information, rendering the strategy invalid.

Vectorization as a Structural Constraint for
Deployable Quantitative Code. ALPHAQT-
BENCH enforces a strict vectorization constraint:
solutions must be expressed using array operations
(e.g., Pandas/NumPy) rather than explicit iterative
control flow. We impose this as a production-grade
deployability requirement: loop-based implemen-
tations are empirically 600x—2000x slower than
vectorized equivalents (Table 3), rendering them in-
feasible in realistic backtesting pipelines spanning
thousands of assets. Beyond efficiency, this con-
straint also serves as a diagnostic signal for stateful
temporal reasoning deficits—the inability to map
recursive or windowed logic to vectorized primi-
tives (e.g., .ewm(), .rolling().apply()) often
reflects gaps in domain-specific reasoning about
index alignment and state propagation.

3.3 Dataset Construction and Task Taxonomy

To disentangle surface-level code recall from gen-
uine semantic reasoning, ALPHAQT-BENCH em-
ploys a hierarchical task taxonomy paired with
expert-verified golden standards. Representative
examples from each level are shown in Table 1.

3.3.1 Hierarchical Task Levels

Tasks are organized into three levels of reasoning
abstraction, designed to separate surface-level code
generation from genuine quantitative reasoning.

e Level 1: Primitive Grounding. Evaluates the
ability to map explicit instructions to standard nu-
merical primitives (e.g., moving averages). These
tasks primarily test surface-level lexical ground-
ing and library API competence, and can often be
solved via direct pattern recall.

e Level 2: Compositional Semantics. Requires
composing multiple primitives into coherent com-
putational pipelines. Success depends on correctly
handling intermediate representations (e.g., log-
returns), index alignment, and multi-step transfor-
mations, exposing errors in compositional temporal
reasoning and data flow composition.

e Level 3: Algorithmic Reasoning. Requires
translating abstract, often underspecified logic into
fully vectorized implementations without reliance
on memorized templates. These tasks stress-test
stateful logic, recursive dependencies, and com-
plex windowed operations, and are intentionally
constructed to resist solution via surface pattern

Level 1: Primitive Grounding
Calculate the 10-day simple moving average of the
daily closing price day_close.

I def sma_10(df):
2 return df[’day_close’].rolling(10).mean
O

Level 2: Compositional Semantics
Compute the 20-day rolling volatility defined as the
standard deviation of daily log returns.

def rolling_vol_20(df):
ret = np.log(df[’day_close’] /
df[’day_close’].shift (1))
return ret.rolling(20).std()

Level 3: Algorithmic Reasoning
For each day t, compute the slope of a linear regres-
sion of day_close against over the past 20 days.

def rolling_lr_slope(df):

X = np.arange (20, dtype=float)
4 x_mean = x.mean()
5 denom = ((x - x_mean) **x 2).sum()

def slope(y):

8 y_mean = y.mean()

9 return ((x - x_mean) x

0 (y - y_mean)).sum() / denom

2 return df[’day_close’].rolling(
3 20, min_periods=20
4 ).apply(slope, raw=True)

Table 1: Example tasks from ALPHAQT-BENCH, illus-
trating the progression from API grounding to complex
algorithmic reasoning under vectorization constraints.

matching. This level serves as the primary discrim-
inator for genuine algorithmic reasoning failures.

3.3.2 Human-LLM Co-Design

Tasks are constructed through a human-in-the-loop
human-LLM co-design process that balances se-
mantic precision with linguistic diversity. Domain
experts first specify the intended quantitative se-
mantics and causal constraints of each task. LLMs
are then used to generate diverse natural language
formulations of the same underlying objective, re-
ducing spurious correlations between surface phras-
ing and solution patterns. Crucially, every task is
paired with a golden code implementation devel-
oped through human—LILM collaboration and rig-
orously validated by domain experts. All golden
code implementations are manually audited to en-
sure functional correctness, strict temporal causal-
ity, and compliance with vectorization constraints.
Annotator Profiles. The Golden Code was devel-
oped and validated by two domain experts, each
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possessing more than two years of quantitative re-
search experience. Notably, both experts also have
prior experience in NLP dataset annotation, ensur-
ing a dual competency in both financial domain
logic and NLP dataset annotation.

Annotation Pipeline. The construction process
consisted of three stages: (1) Logic definition. Each
factor’s mathematical definition and temporal con-
straints were formally specified before any code
was written; (2) Human—LLM collaborative imple-
mentation. Golden code was developed through
iterative human—LLM collaboration, with domain
experts guiding the generation process and refin-
ing implementations through execution-based test-
ing; (3) Manual audit and validation. All golden
code implementations were manually audited by
domain experts to ensure functional correctness,
strict temporal causality, and compliance with vec-
torization constraints, with any discrepancies re-
solved through discussion until full consensus was
reached.

Inter-annotator Agreement. Since the final
golden code is consensus-based rather than in-
dependently labeled, traditional code-level inter-
annotator agreement is not directly applicable. To
quantify annotation consistency, we designed a
category classification task as a proxy measure.
Specifically, we randomly sampled 10% of the
dataset along with their category labels, shuffled
the label assignments, and asked both annotators
to independently judge the correctness of each la-
bel (binary classification). We then computed Co-
hen’s Kappa to assess agreement beyond chance.
The resulting Cohen’s Kappa = 0.7781, indicating
substantial agreement (Landis and Koch, 1977),
which confirms that our annotators share a consis-
tent understanding of the task taxonomy and factor
semantics underlying the benchmark.

3.3.3 Data Distribution

The dataset comprises 270 curated tasks spanning
9 distinct financial factor categories: Causal, Com-
posite, Math, Momentum, Pattern, Reversion, Risk,
Volatility, and Volume. Each category contains
an equal number of tasks (30 per category), en-
suring balanced coverage across factor families.
Importantly, the Causal category includes adversar-
ial scenarios that implicitly tempt models to violate
temporal causality, serving as stress tests for safety
alignment. To rigorously evaluate algorithmic rea-
soning capabilities, the difficulty distribution is in-
tentionally skewed: Level 1 (20%), Level 2 (20%),

Q E
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Figure 1: Overview of the multi-layer evaluation pro-
tocol in ALPHAQT-BENCH. LLM-generated code is
filtered through four diagnostic layers: Executability,
Causality Safety, Functional Accuracy, and Structural
Compliance, forming a funnel that isolates surface-level
success from robust quantitative reasoning.

and Level 3 (60%). This design prioritizes chal-
lenging scenarios and focuses the benchmark on
differentiating model capabilities at the frontier of
quantitative reasoning, rather than saturating per-
formance on trivial cases.

3.4 Multi-Layer Evaluation Protocol

Standard execution-based metrics (e.g., Pass@1)
fail to distinguish valid reasoning from acciden-
tal correctness caused by implementation artifacts
such as look-ahead bias. As shown in Figure 1,
ALPHAQT-BENCH adopts a multi-layer evalua-
tion protocol that progressively enforces execu-
tion, causality, functional correctness, and struc-
tural compliance, forming a hierarchical diagnostic
funnel in which higher-level properties are evalu-
ated only when lower-level constraints are satisfied.

Layer 1: Executability., We first evaluate
whether the generated code can be successfully
executed without runtime errors. Executability
is measured using Pass@1, where a generation
is considered executable if it runs to completion
in a sandboxed environment on both synthetic
time-series data and real market data, without rais-
ing execution-level exceptions (e.g., syntax errors,
shape mismatches, or undefined variables).

Layer 2: Causality Safety. Causality safety eval-
uates whether an executable program respects tem-
poral and causal constraints, i.e., it does not rely on
future information unavailable at decision time. We
enforce this requirement using a Dynamic Trunca-
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tion Test: the program is evaluated on both a full
timeline (yg,) and truncated timelines (Yyunc). A
causally valid implementation must satisfy

Yfull [t] = Ytrunc [t] , Vi

Any discrepancy indicates look-ahead bias and ren-
ders the program causally invalid. We report the
proportion of executable programs that satisfy this
condition as the Causality Safety Rate (Safe). Fu-
ture information leakage is diagnosed when exe-
cutability exceeds causality safety, indicating exe-
cutable but temporally invalid implementations.

Layer 3: Functional Accuracy. Functional Ac-
curacy (Acc) evaluates task-level semantic correct-
ness. For programs that are both executable and
causally safe, we compare the model-generated
output series against the Golden Code. A solu-
tion is considered functionally correct if its output
is numerically equivalent to the ground truth. In
practice, considering numerical instability intro-
duced by floating-point arithmetic, differences in
library implementations, and benign variations in
vectorized computation, we do not require strict
element-wise equality. If the outputs are not exactly
matched, we additionally compute both the Pear-
son correlation and a normalized RMSE (NRMSE)
between the two series. A generation is counted as
functionally correct if it satisfies either a correla-
tion above a threshold 7., or an NRMSE below a
threshold 7,,;mse; Otherwise, it is marked incorrect.

Layer 4: Structural Compliance. While func-
tional correctness ensures semantic validity, it does
not guarantee adherence to required structural con-
straints. Thus, we measure the Structural Com-
pliance Rate (CSR), defined as the proportion of
generated programs that satisfy all formatting and
structural constraints specified in the prompt, in-
cluding vectorized operations and the absence of
prohibited iterative loops (verified via AST analy-
sis), regardless of functional correctness. Finally,
we report Verified Accuracy (VAcce) as the strictest
end-to-end metric. A generation is counted as cor-
rect under VAcc only if it simultaneously satisfies
executability, causality safety, structural compli-
ance, and functional correctness.

4 Experiments

4.1 Experimental Setup

Models. We evaluate a diverse set of state-of-
the-art LLMs, covering both proprietary and open-

—e— Gemini-2.5-Pro
GPT-5-Mini

—— Grok-4

- Gemini-2.5-Flash

¥ DeepSeek-V3

—< Claude-Haiku-4.5
DeepSeek-R1

- Llama-3.1-708

40% Qwen-2.5-72B

GPT-055-1208

Qwen-2.5-78

20% Llama-3.1-88

0%
Level 1 Level 2 Level 3

Figure 2: The Complexity Cliff. We compare VAcc
across three difficulty levels. While most models
achieve high performance on Level 1 (Primitive Ground-
ing), they exhibit sharp degradation at Level 3 (Algo-
rithmic Reasoning).

weights models to assess reasoning across different
scales. The proprietary models include Gemini-
2.5 (Comanici et al., 2025), GPT-5-Mini (OpenAl,
2025), Claude-4.5-Haiku (Anthropic, 2025), and
Grok-4 (xAl, 2025). The open-weights models
comprise Llama-3.1 (Dubey et al., 2024), Qwen-
2.5 (Qwen et al., 2025), DeepSeek-V3 (DeepSeek-
Al et al., 2025), DeepSeek-R1 (Guo et al., 2025),
and GPT-OSS (OpenAl et al., 2025). Implementa-
tion details are provided in Appendix A.

Metrics. We report results using the proposed
multi-layer diagnostic funnel (§ 3.4), including Ex-
ecutability (Pass@1), Causality Safety Rate (Safe),
Functional Accuracy (Acc), and Verified Accuracy
(VAcc) with Structural Compliance.

4.2 Main Results Analysis

Overall Performance Landscape. Table 2
presents the performance of 12 LL.Ms across the
three difficulty levels of ALPHAQT-BENCH. We
could observe Gemini-2.5-Pro establishes the state-
of-the-art, achieving an average VAcc of 93.7%.
It is the only model that maintains near-perfect
performance across all levels, demonstrating a ro-
bust mastery of both quantitative logic and vec-
torization constraints. Among open-weights mod-
els, DeepSeek-V3 leads with an average VAcc
of 81.9%. However, a clear boundary remains
between top-tier proprietary models and open-
weights counterparts. The best proprietary model
outperforms the best open model by +11.8% in
VAcc, suggesting that the capability to handle com-
plex, stateful quantitative constraints is currently
a distinguishing feature of frontier-scale models.
A category-wise analysis across nine categories is
provided in Appendix B.

The Complexity CIliff. While most models
achieve near-saturation performance on Level 1
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Model Level 1 Level 2 Level 3 Average

Pass@1 Safe Acc VAcc Pass@l Safe Acc VAce Pass@l Safe Acc VAcc Pass@l Safe Acc VAcc
GPT-5-Mini 100.0  100.0 98.1  98.1 98.1 98.1 944 925 97.5 97.5 827 815 98.1 98.1 88.1 87.0
GPT-0SS-120B 38.9 389 389 389 53.7 537 519 519 43.8 438 352 352 44.8 448 393 393
Gemini-2.5-Flash ~ 100.0  100.0 963  96.3 100.0  100.0 100.0 100.0 95.1 95.1 81.5 79.1 97.0 97.0 88.1 86.6
Gemini-2.5-Pro 100.0  100.0 100.0 100.0 100.0 100.0 100.0 100.0 98.8 98.8 89.5 89.5 99.3 99.3 937 937
Claude-Haiku-4.5 96.3 944 926 926 100.0  100.0 98.1 96.2 98.8 96.9 79.0 64.1 98.5 97.0 856 764
Grok-4 98.1 98.1 963 963 100.0 98.1 963 963 96.9 96.9 81.5 80.8 97.8 974 874 87.1
Llama-3.1-8B-It 77.8 778 759  66.6 333 315 241 241 40.7 389 173 167 46.7 452 304 282
Llama-3.1-70B-It ~ 100.0 98.1 944 944 96.3 96.3 87.0 87.0 87.0 852 623 623 91.5 90.0 73.7 737
Qwen-2.5-7B-It 98.1 963  90.7 685 87.0 815 685 537 74.7 69.1 340 278 81.9 77.0 522 41.1
Qwen-2.5-72B-It 92.6 926 926 926 88.9 87.0 815 815 84.0 778 593 593 86.7 82.6 704 704
DeepSeek-V3 98.1 98.1 963 963 100.0 96.3 90.7 90.7 93.8 926 741 74.1 95.9 944 819 819
DeepSeek-R1 96.3 944 839 889 96.3 963 944 944 75.3 753 63.6 63.6 83.7 833 748 748

Table 2: Main Results on ALPHAQT-BENCH. Best results in terms of VAcc are highlighted in boldface. Average
denotes task-level performance aggregated across all difficulty levels, rather than a simple mean over three levels.
Note that Acc and VAcc are independently reported metrics: a loop-based solution that is numerically correct
receives full credit under Acc and is not penalized; VAcc additionally requires structural compliance.
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Figure 3: Executability and causality safety on the
Causal factor category. A gap between the two metrics
indicates future information leakage, where executable
implementations rely on unavailable future data.

(Primitive Grounding) and Level 2 (Compositional
Semantics), we observe a sharp performance degra-
dation on Level 3 (Algorithmic Reasoning) from
Figure 2. For instance, Claude-Haiku-4.5 drops
from a VAcc of 96.2% on Level 2 to just 64.1%
on Level 3. This cliff indicates that current LLMs
struggle significantly when required to translate ab-
stract, stateful financial logic (e.g., recursive slopes
or regime-switching) into strict vectorized code,
confirming that Level 3 serves as the primary dis-
criminator for expert-level capability.

Leakage Diagnosis in Causal Category. Fig-
ure 3 analyzes model behavior on the Causal cate-
gory by jointly reporting Executability and Causal-
ity Safety. Future information leakage is identified
when executability exceeds causality safety, indi-
cating that some runnable factor implementations
violate temporal or causal constraints. We observe
that approximately half of the evaluated models ex-
hibit such a discrepancy, revealing non-negligible
leakage despite high executability. Notably, mod-
els such as Claude-Haiku-4.5, DeepSeek-R1, and
Qwen-2.5-7B generate a substantial fraction of
runnable factors that rely on future information. In
contrast, Gemini-2.5-Pro, Grok-4, and GPT-5-Mini
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Figure 4: Distribution of failure modes in LLM-
generated factors. Errors are categorized into logic er-
rors, look-ahead bias, loop constraint violations, and
execution errors, revealing a hierarchical shift in domi-
nant failure modes across model scales.

show identical executability and causality safety
scores, indicating strict causal adherence once code
is executable. These results demonstrate that exe-
cutability alone is insufficient for causal validity,
and that measuring the executability—causality gap
is essential for detecting subtle but critical failure
modes in LLM-based factor generation.

Vectorization Constraint: Deployability over
Style. The constraint reflects a production-grade
requirement, not a stylistic preference. To em-
pirically quantify the performance gap, we con-
ducted controlled runtime experiments on a ma-
chine equipped with dual Intel Xeon Gold 6326
CPUs and 256GB RAM, running Ubuntu 22.04.
We used a 5,000-row dataset simulating approxi-
mately 20 years of daily data for a single stock. For
each task, we compared a loop-based implementa-
tion generated by Claude-4.5-Haiku, a vectorized
implementation generated by Grok-4, and Golden
Code. All implementations were executed under
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Table 3: Performance comparison of loop, vectorized, and golden implementations

Task Description Loop (LLM) Vectorized (LLM) Golden Slowdown vs Vec  Slowdown vs Golden
MOM_HARD_010 Rolling Autocorrelation (20d) 614.88 +126.85ms ~ 1.00 £0.27ms  0.87 = 0.01 ms 614.7x 706.7x
CAUS_HARD_017 Expanding Beta 2058.66 £ 50.10ms  1.05+0.15ms  0.93 £ 0.02 ms 1961.3% 2208.8%

identical hardware and software conditions. The
averaged results (mean + standard deviation over
10 repeated runs) are shown in Table 3. We ob-
serve loop-based implementations are 600x—-2000x
slower than vectorized equivalents under identical
hardware conditions. While such latency may ap-
pear tolerable in isolated single-asset experiments,
it becomes prohibitive in realistic quantitative re-
search pipelines, where backtests often span thou-
sands of assets and multi-year histories. In such
settings, the computational cost scales multiplica-
tively across assets and time windows, rendering
loop-based implementations practically infeasible
regardless of their numerical correctness. VAcc
therefore measures deployability, not style.

4.3 Analysis of Failure Modes
4.3.1 Failure Distribution and Hierarchy

Figure 4 presents a fine-grained decomposition of
failure modes in LLM-generated trading factors.
Each failure mode corresponds to a specific layer
in the diagnostic funnel: execution errors (Layer
1), look-ahead bias (Layer 2), logic errors (Layer
3), and loop constraint violations (Layer 4). Rather
than being uniformly distributed, errors exhibit a
clear hierarchical structure across model scales.
High-capability models (e.g., Gemini-2.5-Pro,
GPT-5-Mini) achieve high correctness rates, with
failures dominated by logic errors, indicating chal-
lenges at the semantic reasoning level rather than
structural compliance or executability. These mod-
els largely internalize formatting and constraint
requirements, shifting the bottleneck toward com-
plex financial reasoning. Mid-tier models show
a more heterogeneous error profile, where look-
ahead bias and constraint violations emerge along-
side logic errors. This reflects a tension between
expressing economically plausible causal relation-
ships and strictly adhering to temporal constraints,
consistent with our causality safety analysis. In
contrast, lower-capability models are overwhelm-
ingly affected by execution errors and structural
violations, with correctness dropping below 40%.
For these models, failures occur primarily at the
syntactic and structural level, preventing reliable
evaluation of higher-level reasoning altogether.

Overall, the results reveal a progressive failure hi-
erarchy: as model capability decreases, errors shift
from semantic reasoning failures to constraint vio-
lations and finally to execution-level breakdowns.
This hierarchy underscores the necessity of multi-
dimensional evaluation beyond aggregate accuracy
when assessing LLMs for quantitative code gener-
ation. Detailed structural compliance statistics
are reported in Appendix C.

4.3.2 Qualitative Failure Diagnosis

To better understand the cognitive gap between
code generation and financial reasoning, we con-
ducted a manual audit of 50 failure cases across
the top-performing models (DeepSeek-V3, Llama-
3.1-70B, and GPT-5-Mini). We categorized these
failures into three distinct reasoning pathologies:
Safety Over-Alignment, The Complexity Trap, and
Semantic Misalignment.

Safety Over-Alignment: The '"Defensive Hallu-
cination". A surprising finding is that Reinforce-
ment Learning from Human Feedback (RLHF)
(Ouyang et al., 2022) for general safety appears
to induce domain-specific reasoning errors. Mod-
els frequently conflate calculating a historical fea-
ture (state estimation) with executing a trade (ac-
tion). Consequently, they defensively introduce
time lags (e.g., ‘shift(1)‘) that are mathematically
incorrect for the requested indicator. As shown
in Table 4, Llama-3.1-70B explicitly comments
"Shift returns to avoid look-ahead bias".
However, the task requests a descriptive statistic
of the current 20-day window. By shifting, the
model evaluates ¢ — 1 instead of ¢, destroying the
temporal alignment required for feature engineer-
ing. This behavior was observed in around 15% of
failure cases in Llama-3.1-70B and DeepSeek-V3,
particularly in the Risk and Reversion categories.

The Complexity Trap: Over-Engineering Vec-
torization. While models adhere strictly to the
"no-loop" constraint, they often fall into a complex-
ity trap. Instead of using standard library functions
(e.g., ‘pandas.rolling‘), models attempt to derive
complex statistical properties from first principles
using low-level NumPy operations (strides, cumula-
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Task (RISK_L1_006): Calculate the Percentage of
Positive Days (Cllose: > Open,) in the last 20 days.

2 daily_returns = df[’day_close’].pct_change()

6 daily_returns = daily_returns.shift(1)

9 positive_days = daily_returns > 0@

Table 4: Example of Safety Over-Alignment. The
Llama-3.1-70B model hallucinates a constraint to "avoid
look-ahead bias" for a descriptive statistic, rendering
the calculation semantically incorrect.

Task (RISK_L2_017): Calculate K-Ratio (Slope of
Log-Equity / StdErr of Slope).

Sx = x_vals.cumsum()
4 Sxx = (x_vals#**x2).cumsum()
5 Sxy = (x_vals * y).cumsum()

9 denominator = n * Sxx - Sx*%2
0 slope = (n * Sxy - Sx * Sy) / denominator.
replace (@, np.nan)

Table 5: The GPT-5-Mini model attempts a manual, vec-
torized implementation of OLS regression using cumu-
lative sums instead of using rolling().apply (). This
approach resulted in numerical instability and NaNs.

tive sums). This over-engineering increases the sur-
face area for edge-case bugs. In Table 5, the GPT-
5-Mini model implements a rolling OLS regres-
sion manually using cumulative sum tricks (O(N))
rather than a sliding window (O(N - W)). While
computationally efficient, the implementation fails
to handle floating-point stability and ‘NaN‘ propa-
gation correctly, resulting in incorrect outputs.

Semantic Misalignment in Stateful Logic. The
most persistent failure mode (accounting for nearly
60% of Level 3 errors) is the inability to faith-
fully translate stateful financial logic into code.
This is particularly evident in recursive indica-
tors like the Relative Strength Index (RSI) or
Money Flow Index, where the definition of "ini-
tial state" vs. "steady state" is crucial. For ex-
ample, in Task MOM_HARD_001 (Volume-Adjusted
RSI), DeepSeek-V3 correctly identified the need
for Wilder’s Smoothing. However, it attempted to

mix vectorized pandas operations with an explicit
Python loop:

for i in range(14, len(df)):
avg_gain.iloc[i] = (avg_gain.iloc[i-1]1x13 + gain
.iloc[il) /14

While this logic is mathematically sound, it vio-
lates the benchmark’s vectorization constraint. In
contrast, models that strictly followed vectorization
(e.g., using ‘ewm(alpha=1/14)°) often hallucinated
the adjustment factor parameter (‘adjust=True‘ vs
‘False‘), leading to significant numerical divergence
from the Golden Code.

In summary, our qualitative analysis suggests
that current LLMs operate as approximate retriev-
ers rather than reasoning engines in the financial
domain. While models often recover the high-level
structure of an indicator (e.g., “RSI uses smooth-
ing”), they fail to reason through the strict causal,
structural, and numerical implications of domain-
specific constraints, leading to subtle but critical
errors in alpha generation.

5 Conclusion

In this work, we introduce ALPHAQT-BENCH,
a diagnostic benchmark that shifts the evaluation
of financial code generation from outcome-driven
profitability to process-level reliability. By ex-
plicitly auditing executability, temporal causality,
functional correctness, and structural compliance,
ALPHAQT-BENCH provides a fine-grained diagno-
sis of reasoning fidelity in financial code genera-
tion. Our empirical results reveal a persistent gap
between surface-level code generation success and
quantitative reasoning: while modern LLMs fre-
quently produce executable implementations, many
fail to consistently satisfy causal or structural con-
straints as task complexity increases. This finding
underscores the need for evaluation frameworks
that directly assess causal and structural reliability
in LLM-based alpha mining systems.
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guages or high-performance production environ-
ments. Second, models are evaluated in a single-
turn generation setting, whereas real-world quanti-
tative development often involves iterative debug-
ging and refinement. Third, although functional
correctness is verified numerically, our evaluation
may not capture all semantically valid alternative
implementations for tasks with inherently ambigu-
ous financial definitions.
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before downstream use.

The benchmark is designed to expose potential
failure modes such as temporal leakage and struc-
tural violations, encouraging more cautious and
transparent use of LLMs in quantitative research.
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for language editing and proofreading. All content
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A Implementation Details

All experiments are conducted using greedy de-
coding with temperature set to 0.0 to ensure deter-
ministic and reproducible outputs. The complete
system prompt and instruction template are pro-
vided in Figure 7. Models are accessed through via
the OpenRouter! platform. To isolate semantic and

"https://openrouter.ai/

Causal
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Volatility
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Reversion Pattern

Gemini-2.5-Pro Grok-4 —»— DeepSeek-R1
Gemini-2.5-Flash —¥— Claude-Haiku-4.5 —#— Llama-3.1-70B
GPT-5-Mini —<— DeepSeek-V3 —#*— Qwen-2.5-72B

Qwen-2.5-7B
GPT-0S5-120B
Llama-3.1-8B

Figure 5: Category-wise comparison of LLM-generated
factors across nine dimensions. This illustrates the vari-
ance in model expertise, highlighting that recursive do-
mains like Pattern are significantly harder to implement
correctly than statistical domains like Volatility.

causal errors from market noise, all generated code
is executed in a sandboxed Python environment
using both synthetic market data and real equity
data. Synthetic time series are generated via Geo-
metric Brownian Motion (GBM) to precisely con-
trol statistical properties such as volatility regimes,
while real data are drawn from individual stocks in
the S&P 500 universe. Generated programs must
produce valid outputs under both settings to be con-
sidered executable. To implement the Dynamic
Truncation Test, we evaluate each executable pro-
gram on both the full input sequence and multiple
truncated prefixes considered as independent time-
lines. In practice, we perform this test using five
truncations per program to balance coverage and
computational efficiency. For each truncation, we
compare the outputs on the overlapping time in-
dices and require exact equality. Any discrepancy
is treated as a causality violation. Besides, we set
Teorr = 0.999 and 7mse = 0.001 by default. These
thresholds are chosen conservatively to tolerate mi-
nor numerical differences introduced by floating-
point arithmetic and library implementations, while
still enforcing strict semantic equivalence.

B Category-wise Comparison

Figure 5 illustrates a category-wise comparison
of different LLMs across nine factor categories,
covering both traditional quantitative factor fami-
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Model Teorr = 0.9999  7eorr = 0.999  Teor = 0.99 Teorr = 0.9
Acc VAcc Acc  VAcc Acc VAcc Acc  VAcc
Gemini-2.5-Pro 92.6 92.6 937 937 948 948 952 952
Gemini-2.5-Flash ~ 87.0 85.9 88.1 866 89.6 881 90.7 89.2
GPT-5-Mini 86.3 85.2 88.1 870 904 8.3 952 937
Grok-4 86.3 86.0 874 871 900 89.6 922 91.8
Claude-4.5-Haiku  84.8 75.9 85.6 764 88.1 774 90.7 78.8
DeepSeek-V3 80.0 80.0 819 819 852 849 863 86.0
DeepSeck-R1 72.6 72.6 748 748 763 759 781 777
LLaMA-3.1-70B 73.0 73.0 737 737 756 756 781 717
Qwen2.5-72B 69.3 69.3 704 704 707 707 722 722
Qwen2.5-7B 51.5 40.4 522  41.1 537 426 5677 445
GPT-0OSS-120B 38.9 38.9 393 393 400 400 419 419
LLaMA-3.1-8B 30.4 28.2 304 282 31.1 289 319 297

Table 6: Performance comparison across models under different 7o, thresholds.

Model Mean (ms) Std (ms) Min (ms) Max (ms) Nguccess
Qwen-2.5-72B-Instruct 2.382 9.108 0.125 83.635 234
DeepSeek-R1 2.574 14.425 0.125 198.594 226
GPT-OSS-120B 3.481 12.561 0.180 93.749 121
Qwen-2.5-7B-Instruct 3.675 19.131 0.128 185.542 224
GPT-5-Mini 3.887 15.490 0.243 158.516 265
LLaMA-3.1-8B-Instruct 5.835 27.200 0.125 278.290 126
Gemini-2.5-Pro 6.545 36.991 0.130 388.044 268
Gemini-2.5-Flash 9.087 38.671 0.132 431.449 262
LLaMA-3.1-70B-Instruct 9.414 35.123 0.125 326.752 247
Grok-4 11.017 42.029 0.128 417.991 264
DeepSeek-V3 12.322 55.524 0.126 588.196 259
Claude-4.5-Haiku 12.693 38.062 0.127 264.491 266

Table 7: Latency statistics (in milliseconds) across models.

lies and reasoning-intensive dimensions. We ob-
serve that large, reasoning-oriented models such
as Gemini-2.5-Pro exhibit consistently strong and
balanced coverage across nearly all categories, indi-
cating robust generalization across heterogeneous
factor types. In particular, these models demon-
strate clear advantages in the Causal, Risk, and
Composite categories, which require integrating
economic intuition, multi-step reasoning, and cross-
feature interactions. This suggests that stronger
language understanding enables models to move
beyond surface-level statistical regularities toward
more structurally grounded factor construction.

By contrast, smaller models (e.g., Llama-3.1-
8B and Qwen-2.5-7B) show more uneven category
profiles. While they achieve competitive perfor-
mance on structurally explicit categories such as
Math, Momentum, and Reversion, their perfor-
mance degrades substantially on categories that
demand higher-level abstraction and causal reason-
ing. Across models, Momentum and Reversion
emerge as relatively accessible categories, whereas
Causal and Composite exhibit the largest perfor-
mance dispersion. This pattern underscores a per-

sistent challenge for LLM-based factor discovery:
generating causally meaningful and composition-
ally complex signals remains tightly coupled to
model scale and reasoning capacity.

Overall, this analysis indicates that advances in
LLM reasoning translate not only into higher av-
erage performance but also into broader and more
balanced category coverage, which is critical for
diversified and robust alpha discovery.

C Structural Compliance Analysis

Figure 6 shows the Structural Compliance Rate
(CSR) under two conditions: CSR (Executable),
measuring compliance among runnable code, and
CSR (Correct), measuring compliance among
causally valid implementations. Overall, the results
exhibit a clear three-tier distribution across mod-
els, revealing distinct behaviors. Approximately
one-third of the evaluated models achieve perfect
compliance, with CSR values at 1.00 under both
executable and correct settings, indicating strong
internalization of structural constraints. Another
one-third of models exhibit slightly degraded but
still high compliance (CSR ~ 0.98-0.99), where
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Figure 6: Structural Compliance Rate (CSR) on executable and causally correct code.

occasional violations such as minor formatting in-
consistencies or edge-case constraint failures oc-
cur but remain sparse rather than systematic. The
remaining models show substantially lower CSR,
with values dropping to the 0.80-0.90 range, and
are characterized by structural instability, includ-
ing frequent deviations from the required format,
missing components, or inconsistent function defi-
nitions, making structural errors a dominant failure
mode even when the generated code is executable.

Comparing CSR (Executable) and CSR (Cor-
rect), we find that structural compliance generally
decreases when restricting to causally correct code,
indicating that structural violations and causal er-
rors often co-occur. This coupling suggests that
models struggling to internalize structural con-
straints are also more likely to violate higher-level
semantic requirements. Overall, this analysis high-
lights structural compliance as a bottleneck orthog-
onal to executability, underscoring the importance
of evaluating and enforcing structural constraints
in LLM-based quantitative code generation.

D Efficiency Analysis

We measured execution time of successfully gen-
erated implementations across 10 runs per task un-
der identical hardware conditions (dual Intel Xeon
Gold 6326, 64 threads, 256GB RAM). N_Success
denotes the number of tasks with valid, executable
outputs for each model. The results are shown in
Table 7.

Based on these results, we observe three patterns
that deepen our qualitative analysis. First, lower
N_Success values for GPT-OSS-120B (121) and
LLaMA-3.1-8B (126) reflect high execution failure
rates, introducing selection bias into their reported
runtimes. Their apparently competitive mean la-

tencies are an artifact of surviving only on sim-
pler tasks. Second, higher-capability models (e.g.,
Gemini-2.5-Pro: 6.545ms) exhibit systematically
higher mean runtimes than lower-capability mod-
els (e.g., Qwen-2.5-72B: 2.382ms). This reflects a
qualitative difference in implementation strategy:
stronger models more frequently attempt complex,
stateful implementations that are more computa-
tionally intensive, while weaker models tend to gen-
erate simpler approximations that execute faster but
are less semantically correct. Third, the large stan-
dard deviations relative to means (e.g., DeepSeek-
V3: mean 12.322ms, std 55.524ms) indicate that a
small number of generated programs incur dispro-
portionately high execution costs, consistent with
our finding that loop-based implementations are
600x—2000x slower than vectorized counterparts.

E Hyperparameter Study

To empirically validate our default parameter
choices, we conducted sensitivity analyses across
all 12 evaluated models. Table 6 reports threshold
sensitivity over Teor With Tymee fixed at 0.001.
Three findings emerge. First, scores are com-
pletely stable across the full range of Tpmse €
[107°,1072]: all models produce identical Acc and
VAcc at every setting, confirming this threshold is
not a sensitive parameter in practice. Second, relax-
ing Teorr from 0.9999 to 0.9 yields modest score in-
creases, but model rankings remain largely consis-
tent (Spearman rank correlation > 0.95 across all
settings), confirming that conclusions about model
capabilities and the complexity cliff are robust to
threshold choice. Our default 7., = 0.999 lies
within a stable region balancing strictness and tol-
erance for benign floating-point variation. Third,
increasing Ny, from 5 to 20 produces no change
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Round Level 1 Level 2 Level 3 Average
Pass@1  Safe Acc VAcc Pass@l  Safe Acc VAcc Pass@l  Safe Acc VAcc Pass@l  Safe  Acc  VAcc
Round 1 98.1 98.1 963 96.3 100.0 98.1 963 96.3 96.9 969 81.5 809 97.8 974 874 87.0
Round 2 100.0 100.0 98.1 98.1 100.0 100.0 98.1 98.1 99.4 994 914 90.7 99.6 99.6 941 937
Round 3 100.0 100.0 98.1 98.1 100.0 100.0 98.1 98.1 100.0 100.0 932 926 100.0 100.0 952 948

Table 8: Multi-round performance across evaluation levels in ALPHAQT-BENCH.

Prompt Style Level 1 Level 2 Level 3 Average
Pass@1 Safe Acc VAcc Pass@l Safe Acc VAcc Pass@l Safe Acc VAcc Pass@l Safe Acc  VAcc
Original 98.1 98.1 963 963 100.0 98.1 963 96.3 96.9 969 815 808 97.8 974 874 87.1
Concise 96.3 96.3 926 926 100.0 100.0 98.1 98.1 96.9 969 833 778 97.4 974 88.1 8438
CoT 96.3 963 944 944 98.1 98.1 963  96.3 95.7 957 852 852 96.3 96.3 893 89.3

Table 9: Impact of prompt styles on multi-level evaluation performance in ALPHAQT-BENCH.

in any model’s scores (identical to the default col-
umn of Table 6), indicating that five truncations
are sufficient to reliably detect all look-ahead vi-
olations. Together, these results confirm that our
default parameter choices are neither arbitrary nor
fragile.

F Multi-round Iterative Evaluation

We conducted additional multi-round iterative eval-
uation experiments using Grok-4 as a represen-
tative model. Specifically, we implemented a
feedback-driven pipeline in which the model re-
ceives execution error messages and is allowed to
regenerate the alpha factor code for up to 3 rounds.
The averaged results are summarized in Table 8.

The results demonstrate consistent improvement
across all metrics over successive rounds. No-
tably, Level 3 VAcc improves from 80.9% to 92.6%
over three rounds, confirming that the benchmark
captures meaningful iterative debugging dynamics.
These findings demonstrate that AlphaQT-Bench
can be naturally extended to support multi-turn
agentic evaluation settings beyond the single-turn
baseline reported in the main paper. We note that
the single-turn setting is retained as the primary
evaluation protocol to ensure controlled, repro-
ducible comparisons across all 12 models. The
multi-round results serve as a complementary anal-
ysis illustrating the benchmark’s flexibility.

G Analysis of Prompt Styles

We conducted a systematic prompt sensitivity anal-
ysis using Grok-4 as a representative across three
distinct prompt styles: (1) Original. Our default
structured prompt with full constraints specified;
(2) Concise. A minimal prompt retaining only the
task description without any constrains; and (3)
CoT. A chain-of-thought prompt explicitly instruct-

ing the model to reason step-by-step before gener-
ating code. Results are summarized in Table 9.

The results reveal two key findings. First, overall
score variance is small. Across all three prompt
styles, the range of Average VAcc is 87.1% —
89.3%, a spread of only 2.2 percentage points.
This demonstrates that AlphaQT-Bench’s multi-
layer evaluation is robust to prompt variation at
the aggregate level, and that our reported rankings
and conclusions are unlikely to be overturned by
prompt choice. Second, the relative difficulty or-
dering across levels is preserved. Across all three
prompt styles, Level 3 consistently yields the low-
est Acc and VAcc scores, while Level 1 and Level
2 remain near-saturated. The "Complexity Cliff"
phenomenon is stable regardless of prompt formu-
lation.

Notably, CoT prompting yields a modest im-
provement on Level 3 VAcc (80.8% — 85.2%),
suggesting that explicit reasoning steps help with
algorithmic tasks. This is consistent with prior lit-
erature and reinforces our finding that Level 3 tasks
genuinely stress-test reasoning capacity rather than
surface-level pattern recall.
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System Prompt

Role: You are an expert quantitative researcher and Python developer. Your goal is to translate the
user’s natural language request into a strictly executable Python function for financial alpha factor
calculation.

1. Data Schema

* Input: A pandas DataFrame df representing a single stock’s daily historical data.

¢ Index: pd.DatetimeIndex.

* Columns: Strictly [’ day_open’, ’day_high’, ’day_low’, ’day_close’, ’day_volume’].

2. Environment & Libraries

Assume the following imports and libraries are already available: import pandas as pd, import

numpy as np, and the talib, scipy.stats, and math modules.

3. Constraints & Best Practices

1. Vectorization: Use pandas/numpy vectorized operations. Strictly NO for loops.

2. No Look-ahead Bias: Do NOT use future data to calculate the current day’s signal.

3. Robustness: Handle inf and NaN when applicable.

4. Output Format: Return a pd. Series indexed by df . index. The Series name must match the
function name.

4. Response Protocol

* No Markdown: Provide raw code only (no code blocks).

* Naming: Format as alpha_<category>_<logic>_<details>.

* Documentation: Include a docstring explaining economic intuition.

Example Output:

LER ]

I def alpha_example(df: pd.DataFrame) -> pd.Series:

3 Calculates the 5-day return momentum.

4 Logic: (Close_t - Close_t-5) / Close_t-5

5 L

6 # Calculation (Note: using day_close as per schema)

returns = df[’day_close’].pct_change(5)

9 # Naming and Return
0 returns.name = "alpha_example”
1 return returns

Figure 7: The full system prompt provided to the LLM. It enforces strict data schemas, vectorization constraints,
and output formatting to ensure compatibility with the evaluation protocol.
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