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Abstract

Backtesting large language models (LLMs) on
historical financial data is unreliable when their
pre-training data include the evaluated events.
An LLM trained in 2024 may already encode
how stocks moved during 2018–2020. We
name this failure parametric look-ahead bias
and propose FINCAD, an inference-time adap-
tation of Context-Aware Decoding that atten-
uates contributions from memorised historical
outcomes without retraining. FINCAD pairs an
adversarial bias-discovery pipeline that learns a
model-specific memory-activating prior prompt
with an entity- and date-adaptive rule that
scales the CAD strength using a per-(entity,
date) confidence signal. Across five 7–14B
LLMs and five mega-cap equities, the largest
model-level mean in-sample return correction
is −67.1%. For the three larger models, 2025
out-of-sample returns remain within $8K and
mean Sharpe within ±0.10 of baseline; mean
general-benchmark accuracy remains positive
or within −1.7 points for four of five mod-
els. On an eleven-model leaderboard, FIN-
CAD raises the subset-averaged in-sample/out-
of-sample Spearman correlation from +0.779
to +0.846, yielding rankings that are more
closely aligned with post-cutoff performance.

1 Introduction

Large language models (LLMs) are increasingly
applied as autonomous financial agents that read
news, filings, and prices and decide whether to
buy, sell, or hold (Saha et al., 2025). In quantita-
tive finance, backtests gate capital allocation, so
a result inflated by undetected bias translates di-
rectly into capital misallocation and live-trading
losses; standardised corrections exist for backtest
overfitting and multiple testing (Harvey and Liu,
2014; Bailey et al., 2014; Bailey and López de
Prado, 2014; López de Prado, 2018), survivorship
truncation (Heckman, 1979; Brown et al., 1992),
and point-in-time data leakage (Li et al., 2026a;

Kong et al., 2026). However, limited work has
studied the bias introduced by LLMs. A state-of-
the-art LLM with a 2025 cutoff has already seen
how NVIDIA, Microsoft, and Netflix moved dur-
ing 2010–2020, so any backtest overlapping the
training window inherits an additional bias that
lives inside the model’s weights and is invisible
to data-pipeline audits. We call this failure mode
parametric look-ahead bias, and its consequence
is a trap: uncorrected long-horizon backtests are
systematically misleading, whereas the only bias-
free alternative, the short post-cutoff period, is too
limited to support statistically reliable conclusions
(Li et al., 2026a).

A natural starting point is Context-Aware De-
coding (CAD) (Shi et al., 2024), which sharpens
the contribution of the input by subtracting an off-
context prior at the logit level. CAD was originally
proposed to suppress unfaithful priors (hallucina-
tions); ours is the opposite regime, where the prior
the model carries about “NVDA in 2018” is not
a hallucination but an accurate memory of the fu-
ture that backtesting must explicitly reject. Two
challenges follow: xprior must reliably activate that
memory rather than answer the question, and α
must vary across entities and dates since memo-
risation is non-uniform on both axes, so a fixed
α would simultaneously under-correct memorised
cases and over-penalise context-grounded reason-
ing on out-of-sample dates.

We propose FINCAD1, an inference-time decod-
ing scheme that mitigates parametric look-ahead
bias without retraining by explicitly eliciting a
memory-enriched prior and subtracting it from
the context-conditioned logits with an adaptive
strength. Conceptually, the discovery stage “sum-
mons the oracle” by making the historical prior ex-
plicit; the title’s “slaying” refers to attenuating that
prior’s contribution during decoding. An adver-

1Code: https://github.com/waylonli/FinCAD
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sarial bias-discovery pipeline optimises a model-
specific instruction T ∗

prior that activates the model’s
historical-outcome recall on a held-out probe set,
yielding an explicit subtractable prior. An entity-
and date-adaptive rule for α compares the model’s
per-(entity, date) directional entropy against an
entity-level baseline, so the CAD strength rises
with date-variance and per-date excess confidence
and attenuates when this signal is absent.

Our contributions are:

• We propose FINCAD, the first decoding-time
adaptation of CAD designed for mitigating
parametric look-ahead bias, with an adversar-
ial discovery pipeline for xprior and an entity-
and date-adaptive rule for α (§3.1, §3.2).

• Across five LLMs (7B–14B), five mega-cap
equities, and five reasoning benchmarks, FIN-
CAD produces model-dependent in-sample
(2010–2020) performance corrections while
mean benchmark accuracy remains positive
or within −1.7 points for four of five models
(§4.1, §4.2).

• FINCAD improves the descriptive align-
ment between in-sample and post-cutoff
model rankings: across eleven LLMs on the
S&P 500, the subset-averaged Spearman cor-
relation between in-sample (2010–2020) and
2025 Sharpe rankings rises from +0.779 to
+0.846 (§4.3).

2 Related Work

A growing line of work casts LLMs as autonomous
financial investors (Guo et al., 2024; Saha et al.,
2025), including a recent wave of dedicated trading
agents (Yu et al., 2023; Zhang et al., 2024; Yang
et al., 2024; Ding et al., 2024; Yu et al., 2024; Wang
and Ma, 2024; Wang et al., 2024a, 2025; Xiao et al.,
2025; Li and Ma, 2025; Fatouros et al., 2025; Li
et al., 2025, 2026c) and reinforcement-learning-
enhanced variants (Ding et al., 2023; Koa et al.,
2024; Xiao et al., 2025; Deng et al., 2026), most of
which evaluate on short historical windows without
bias control, leaving open whether reported gains
reflect genuine reasoning or contamination of the
evaluation regime.

Input-side protections (survivorship, data-
snooping, data-leakage look-ahead) are tracked by
FINSABER (Li et al., 2026a), but none addresses
the bias that resides in the model’s weights them-
selves. This parametric look-ahead is documented

by Benhenda (2026), who shows that LLMs recall
in-cutoff S&P 500 prices verbatim, and by Gao
et al. (2026), who provide a complementary statis-
tical test; concurrently, Merchant and Levy (2025)
propose a decoding-time mitigation that fine-tunes
a pair of auxiliary models on labelled forget/retain
partitions, whereas FINCAD uses a single base
model with no auxiliary fine-tuning.

Our work connects to the broader literature on
LLM memorisation (Carlini et al., 2021, 2023; Li
et al., 2026b) and machine unlearning for LLMs
(Liu et al., 2024), including parameter-editing
methods (Meng et al., 2022, 2023) and fine-tuning-
based forget protocols (Jang et al., 2023; Eldan
and Russinovich, 2023; Maini et al., 2024). All
require curated forget sets, retraining cycles, or
structured (subject, relation, object) edits, and risk
collateral damage to neighbouring knowledge; they
are operationally impractical at the eleven-model
leaderboard scale of financial backtests, where each
model would need a bespoke unlearning pass per
ticker per evaluation date. Decoding-side interven-
tions instead operate at inference without modify-
ing weights (Li et al., 2023; Chuang et al., 2024),
and FINCAD belongs to this family. We build
specifically on Context-Aware Decoding (Shi et al.,
2024), whose contrast between with-context and
without-context branches matches our setting: a
trading agent’s memory of how a stock actually
moved should not leak into its reading of the finan-
cial context provided at decision time.

3 Methodology

LetM denote a language model with vocabulary V .
For a given input string x,M(x) ∈ R|V| denotes
the model’s next-token logit vector, and we write
ỹ = softmax(M(x)) for the corresponding next-
token output distribution over V . Context-Aware
Decoding (Shi et al., 2024) replaces this ordinary
output distribution with a contrastively adjusted dis-
tribution. In our FINCAD, the adjustment strength
varies per (entity, date) pair (s, t), where s is the
stock symbol and t the decision date:

ỹs,t = softmax
(
(1 + α(s, t))M(xctx)

− α(s, t)M(xprior)
)

(1)

where ỹs,t denotes the FINCAD-adjusted next-
token output distribution for entity s at date t. The
original CAD targets unfaithful hallucinations and
treats the prior as noise to be discounted. We repur-
pose it for the opposite regime, where a memory-

11695



𝑥𝑐𝑡𝑥 = 𝑇𝑐𝑡𝑥 ⊕ (𝑠, 𝑡) ⊕𝐹𝑡𝑎𝑠𝑘 ⊕ 𝐷(𝑠, 𝑡)

𝒚s,t
ctx = softmax(𝑀(𝑥ctx ))

Direct Query Logits with Look-Ahead Bias

𝑥𝑝𝑟𝑖𝑜𝑟 = 𝑇𝑝𝑟𝑖𝑜𝑟
∗ ⊕ (𝑠, 𝑡) ⊕𝐹𝑡𝑎𝑠𝑘

𝒚s,t
prior

= softmax(𝑀(𝑥prior ))

Bias Elicitation Logits

𝒚𝑠,𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥((1 + 𝛼(𝑠, 𝑡) 𝑀(𝑥ctx )) −  𝛼(𝑠, 𝑡) 𝑀(𝑥prior ))

Look-Ahead Bias Suppressed Logits

Date 𝑡, Stock s

Financial data  D(s, 𝑡)

System Prompt 𝑇𝑐𝑡𝑥

Task Instruction 𝐹𝑡𝑎𝑠𝑘

FinCAD

Input

Initial  Bias Elicitation Prompt  

𝑇prior

Calibration Data
𝓓𝒄𝒂𝒍𝒊𝒃 2005–2015
S&P 500 Prices
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arg max
𝑇prior

Optimized Initial  Bias 
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“Recall what you know from your 
training data about this financial 
entity and predict the outcome.” 𝑇𝑝𝑟𝑖𝑜𝑟

∗

Bias 
Elicitation 
Prompt 
Optimization

𝑥𝑝𝑟𝑜𝑏𝑒 = 𝑇𝑝𝑟𝑖𝑜𝑟
∗ ⊕ “After 𝑡, 𝑠 stock went”

Query Model ℓ↑

ℓ↓

𝐻(𝑠, 𝑡)
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Entropy
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𝑥𝑝𝑟𝑖𝑜𝑟 = 𝑇𝑝𝑟𝑖𝑜𝑟
∗ ⊕ (𝑠, 𝑡) ⊕𝐹𝑡𝑎𝑠𝑘
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e.g.:

MSFT𝑠 = 𝑡 = 15/08/2010

𝑇𝑝𝑟𝑖𝑜𝑟
∗ elicits the model’s memory of 

MSFT on the given day.

Figure 1: FINCAD pipeline: (1) MIPROv2 discovers a memory-activation instruction T ∗
prior on Dcalib; (2) a

completion probe and entity calibration set a per-(entity, date) strength α(s, t); (3) CAD subtracts the memory-
enriched prior logits with strength α(s, t) from the context-conditioned logits.

enriched prior about historical outcomes is actively
elicited and subtracted. This leads to two design
choices. xprior must maximally activate that mem-
ory rather than answer the question; and α(s, t)
should vary across both entities and time. We ad-
dress these in §3.1 and §3.2 respectively; Figure 1
summarises the complete procedure, with full pseu-
docode in Algorithm 1 (Appendix C).

3.1 Adversarial Bias Discovery

The prior prompt xprior determines what knowledge
is subtracted during decoding; if it fails to activate
the model’s memorised future knowledge, the sub-
traction has no effect and look-ahead bias persists,
so we need a prior that reliably triggers parametric
recall of historical outcomes.

For a decision over entity s at date t, the two
branches of Equation 1 share structural fields but
differ in instruction and content. The context
branch carries the full agent input:

xctx = Tctx ⊕ (s, t) ⊕ Ftask ⊕ D(s, t) (2)

where ⊕ denotes string concatenation, Tctx is the
system prompt framing the model as a quantitative
analyst, Ftask is the task-specific instruction (e.g.,
“Analyse the following financial data and decide
whether to buy, sell, or hold”) together with the
output-format specification (“Respond with valid
JSON”), and D(s, t) is the financial context the
agent reasons over. To realise the shared substruc-
ture with xprior at decoding time, Ftask is extracted
and copied verbatim into the prior input below. The
prior branch strips D(s, t) and replaces Tctx with an

adversarially optimised memory-activation instruc-
tion T ∗

prior designed to activate parametric recall:

xprior = T ∗
prior ⊕ (s, t) ⊕ Ftask (3)

T ∗
prior is optimised once per model. Sharing the

(s, t) and Ftask fields across the two branches keeps
both inputs over the same structural tokens, so the
logit subtraction in Equation 1 targets the content
of the response rather than its format or task fram-
ing. During autoregressive decoding, each sampled
token is appended to both branches; every subse-
quent step therefore contrasts the same candidate
tokens conditioned on a shared generated prefix.

Optimisation objective. We frame the search for
T ∗

prior as a discrete prompt optimisation problem
over a calibration dataset Dcalib of historical (entity,
date, outcome) triples. Each example presents the
model with an entity si and date ti and asks for
the direction label di ∈ {up, down} from memory
alone, with no financial context. The objective is:

d̂i = argmax
d

M
(
Tprior ⊕ (si, ti) ⊕ F calib

task
)
d

(4)
T ∗

prior = argmax
Tprior

∑

i

δ(d̂i, di) (5)

where d is a direction label drawn from {up, down};
for each label d, Vd ⊂ V collects its tokenizer vari-
ants (casing and leading-space differences), and
we write M(X)d := maxv∈Vd

M(X)v as short-
hand for the maximum logit over those variants.
The sum runs over all triples (si, ti, di) ∈ Dcalib,
Tprior is the candidate memory-activation instruc-
tion being optimised, F calib

task is a fixed calibration
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task-shell that specifies the permitted output labels
but contains no prediction instruction, and δ(d̂i, di)
equals 1 when the predicted direction matches the
ground-truth label and 0 otherwise. Crucially, only
Tprior is optimised; F calib

task remains fixed, and the
optimised T ∗

prior is later reused at inference with a
different (backtest) Ftask via Eq. 3.

Calibration dataset. We construct Dcalib from
historical S&P 500 price data covering the pe-
riod 2005–2015, chosen to fall well within the
pre-training data of modern LLMs. For each
ticker s, we sample dates at quarter-end frequency
and compute the forward return over the subse-
quent 63 trading days (approximately one calendar
quarter):rs,t = (ps, t+63−ps,t)/(ps,t), where ps,t is
the split- and dividend-adjusted closing price. We
discard examples where |rs,t| < 0.05, since small
returns yield ambiguous direction labels. The re-
maining examples are labelled ds,t = up if rs,t > 0
and down otherwise. We balance the two classes by
downsampling the majority and cap the dataset at
200 examples, split 80/20 into training and valida-
tion.

Optimiser. We solve the optimisation in Equa-
tion 5 using MIPROv2 (Opsahl-Ong et al., 2024),
a multi-stage instruction optimisation algorithm
from the DSPy framework (Khattab et al., 2024).
MIPROv2 generates a pool of candidate instruc-
tions by prompting a proposer model, evaluates
each candidate’s accuracy on the training set, and
selects the best-performing candidate on the held-
out validation set. We initialise the search with the
seed instruction: “Recall what you know from your
training data about this financial entity and predict
the outcome.”

To keep T ∗
prior task-agnostic, we hide task-

specific information from MIPROv2’s proposer:
training data (ticker names, dates, labels) and boot-
strap traces are withheld, so the proposer sees
only a generic program skeleton and the current
seed. This prevents the proposer from leaking task-
specific output formats (e.g., “predict whether the
stock went up or down”) into T ∗

prior. The evaluation
metric, however, uses the full calibration input (in-
cluding the output labels in F calib

task ), so candidates
are still scored on their ability to surface memo-
rised knowledge. The optimised T ∗

prior is serialised
as a JSON artefact and loaded at inference time; the
per-model T ∗

prior values appear in Appendix B.3.

3.2 Entity-Adaptive Penalty

A fixed penalty α applies the same subtraction
strength to every entity and time period. This
is problematic for two reasons. First, parametric
look-ahead bias is non-uniform across entities: the
model has strong parametric recall for well-known
stocks (e.g., AAPL, NVDA) but near-random pre-
dictions for obscure or recently listed companies.
Applying a high α to the latter subtracts noise
from the context-conditioned logits, degrading out-
put quality. Second, memorisation is non-uniform
across time: the model has detailed knowledge of
historical periods covered by its training data but no
memorised prices for dates beyond its knowledge
cutoff. A date-agnostic probe would assign the
same high α to a well-known entity regardless of
whether the backtest date falls inside or outside the
training window, penalising the prior even when it
carries no look-ahead information. We therefore
set α dynamically per entity and date, based on
how confident the model is in its own memory.

Completion-based probing. Given entity s and
date t, we construct a completion probe by prepend-
ing the optimised instruction T ∗

prior to a natural-
language prefix that elicits a directional continua-
tion: xprobe = T ∗

prior ⊕ “After t, s stock went”.
We run a single forward pass and read the

per-label logitsM(xprobe)d (the max-over-variants
shorthand introduced in §3.1):

ℓ↑ =M(xprobe)up, ℓ↓ =M(xprobe)down (6)

These directional logits determine only the scalar
gate α(s, t); they are not mapped to the agent’s
buy/sell/hold actions. Action generation remains
the same-token, full-vocabulary contrast in Equa-
tion 1.

Date-variance scaling. We convert the extracted
logits into a normalised binary entropy Ĥ ∈ [0, 1]:

p↑ =
exp(ℓ↑)

exp(ℓ↑) + exp(ℓ↓)
, p↓ = 1− p↑ (7)

Ĥ = − 1

log 2

(
p↑ log p↑ + p↓ log p↓

)
(8)

where Ĥ = 0 indicates full confidence and Ĥ = 1
indicates maximum uncertainty.

A naïve approach would threshold on raw en-
tropy: penalise when Ĥ is low and abstain when
it is high. However, raw entropy conflates two dis-
tinct sources of confidence. The model may be
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confident because it has memorised the specific out-
come for entity s at date t (temporal memorisation,
the target of bias removal), or because it holds a
persistent belief about s regardless of t (a brand
prior, e.g., “NVIDIA is a strong company”). Sub-
tracting a brand prior removes legitimate reasoning
without addressing look-ahead bias.

We disentangle these two signals through a
date-variance analysis. Before each backtest, we
probe entity s across a set of N calibration dates
{t1, . . . , tN} drawn from the 2006–2015 period
and compute:

H̄s =
1

N

N∑

i=1

Ĥ(s, ti) (9)

σs =

√√√√ 1

N

N∑

i=1

(
Ĥ(s, ti)− H̄s

)2 (10)

The date-variance σs measures how much the
model’s directional confidence fluctuates across
dates for a fixed entity. When σs is high, the
model’s confidence varies with the date, a pattern
consistent with date-specific knowledge. When σs
is low, the model is similarly confident across dates,
a pattern consistent with a stable entity prior.

The entity-adaptive penalty combines two multi-
plicative factors:

sσ = min
(
1, σs/σref

)
(11)

sH = max
(
0, (H̄s − Ĥ(s, t))/∆range

)
(12)

α(s, t) = max
(
αmin, min

(
αmax sσ sH , αcap

))

(13)

where αmax scales the nominal peak penalty, αcap
is a hard upper bound on the resulting strength,
αmin is a non-negative floor (set to 0 in our ex-
periments), and σref and ∆range are model-specific
hyperparameters from profiling (described in the
“Model-specific normalisation” paragraph below).
The first factor (date-variance scale, Eq. 11) attenu-
ates α for entities whose confidence is stable across
dates, precisely those driven by brand priors rather
than memorisation. The second factor (per-date
confidence, Eq. 12) activates the penalty only at
dates where the model is more confident than its
own average for that entity.

This design has three key properties. First, it
is entity-adaptive: each entity’s α is calibrated
to its own memorisation profile, avoiding both
over-subtraction on brand-prior-driven entities and

under-subtraction on strongly memorised entities.
Second, it is temporally selective: even for a mem-
orised entity, α > 0 only at dates where the model
is unusually confident, avoiding blanket subtrac-
tion across the entire backtest period. Third, it is
temporally attenuating: when post-cutoff dates
produce entropy above H̄s, H̄s − Ĥ < 0 and the
penalty falls to α = 0.

Entity calibration. At the start of each backtest,
we probe the target entity across N = 12 quarterly
dates from 2006–2015 and compute H̄s and σs
(Eqs. 9–10). The calibration dates are fixed and
entity-agnostic, and lie within the period used to
optimise T ∗

prior, so the probe measures the same
T ∗

prior-activated recall that decoding will subtract.

Model-specific normalisation. σref and ∆range
come from a one-time profiling pass that records
the entropy distribution over representative (entity,
date) pairs. We set σref to the standard deviation of
the post-cutoff entropy distribution and ∆range to
the in-sample entropy standard deviation. Neither
value uses target labels or backtest outcomes, but
using post-cutoff model confidence makes this nor-
malisation label-free and transductive. An induc-
tive variant can instead estimate σref on an earlier
post-cutoff calibration window and freeze it before
evaluation on a later window; we do not evaluate
that variant here.

For reporting, we summarise the per-(entity,
date) penalty over a backtest window by its mean:
ᾱIS averages α(s, t) over all in-sample dates of
a backtest, and ᾱOOS is the analogous mean over
out-of-sample dates.

Computational structure. FINCAD splits the
work into offline and online stages, which clari-
fies the cost profile. The offline work is done once
per model (T ∗

prior optimisation, profiling of σref and
∆range) and once per entity before each backtest
(H̄s and σs from twelve dated probes). The on-
line work consists of one completion probe per
(entity, date) decision to set α(s, t), followed at
each decoding step by the two-branch logit blend
in Eq. 1. This adds one prior-branch forward pass
per generated token plus one probe per (entity, date)
decision.

4 Experiments and Results

Our evaluation is structured around a central con-
cern: does FINCAD mitigate look-ahead bias with-
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out broadly degrading the model’s task perfor-
mance?

A non-selective penalty could reduce backtest
returns while also degrading tasks that require gen-
eral reasoning. The three experiments examine
complementary properties. Experiment 1 (§4.1,
reasoning preservation) measures changes on stan-
dard reasoning benchmarks under a fixed model-
specific strength αbench. Experiment 2 (§4.2,
in-sample performance correction) evaluates the
entity- and date-adaptive penalty α(s, t) on in-
sample and post-cutoff dates. Experiment 3 (§4.3,
ranking alignment) measures whether the FIN-
CAD-adjusted in-sample model ranking is more
closely aligned with the post-cutoff ranking.

Experiments 2 and 3 share a single-stock back-
testing framework2: the LLM acts as a quantita-
tive analyst, receives a structured price-derived
summary at each trading date, and emits a
buy/sell/hold signal that is executed at the next
opening price under a long-only portfolio. We ex-
tend the framework with notional transaction costs
and a liquidity cap for realism; full details are de-
ferred to Appendix A. At inference, FINCAD adds
one prior-branch forward pass per generated token
and one completion probe per (entity, date) deci-
sion; the remaining calibration is performed offline
(§3.2).

4.1 Experiment 1: Reasoning Preservation

We evaluate FINCAD across five instruction-tuned
LLMs spanning 7B–14B parameters: Phi-4-14B,
Qwen2.5-14B, Llama-3.1-8B, Starling-7B, and
DeepSeek-7B-Chat. Each model is run on five
standard benchmarks under both baseline decoding
and FINCAD: FinEval (Ke et al., 2025) (financial
multiple-choice across 20 subtasks), MMLU-Pro
(Wang et al., 2024b), GSM8K (Cobbe et al., 2021),
Competition-Math (Hendrycks et al., 2021), and
HumanEval (Chen et al., 2021). Because these
benchmarks contain no dated financial entity on
which to evaluate α(s, t), we apply the fixed model-
specific strengths αbench listed in Table 1. We dis-
tinguish this benchmark setting from ᾱIS, which is
the empirical mean of the adaptive strengths over
dated backtest decisions.

Table 1 reports the full five-model sweep. Mean
accuracy remains positive or within −1.7 points
of baseline for four of five models; DeepSeek-7B-
Chat is the exception (−4.3 points), driven primar-

2https://github.com/virattt/ai-hedge-fund

Phi Qwen Llama Starl. DSeek

αbench .18 .81 .26 .62 .90

y GSM8K +0.5 +0.4 −4.9 −6.9 −21.3
_ MMLU-Pro −0.2 +2.1 +6.6 +0.2 +2.4
F Comp. Math +0.8 −2.0 −7.8 −1.0 −4.6
¢ FinEval +7.1 −0.6 +0.2 −1.0 +2.8
3 HumanEval +3.0 +0.6 +0.6 0.0 −0.6

mean ∆ +2.2 +0.1 −1.0 −1.7 −4.3

Table 1: General-benchmark accuracy changes
(FINCAD − baseline, percentage points) at the fixed
model-specific strength αbench. Columns denote Phi-
4-14B, Qwen2.5-14B, Llama-3.1-8B, Starling-7B, and
DeepSeek-7B-Chat. Greedy decoding, seed 42.

ily by a −21.3-point change on GSM8K. Table 6
of Appendix D pairs these per-benchmark changes
with the mean baseline and FINCAD accuracy for
all five models.

4.2 Experiment 2: In-Sample Performance
Correction

We first run the single-stock backtesting frame-
work on five heavily memorised mega-cap equi-
ties (NVDA, MSFT, AAPL, NFLX, AMZN) for
the same five models introduced in Experiment 1.
These tickers are widely represented in financial
news, filings, and analyst coverage, increasing the
likelihood that their histories appear in pre-training
corpora. Their prominence also makes them com-
mon testbeds in recent LLM-trading work (Yu et al.,
2023; Ding et al., 2024; Xiao et al., 2025). Each
ticker is evaluated over both the in-sample period
(2010–2020, where evaluated dates precede every
model’s training cutoff) and the post-cutoff period
(calendar year 2025); Table 2 reports Phi-4-14B
and Qwen2.5-14B, with the other three models in
Appendix D. This paired design measures whether
FINCAD produces larger corrections on dates that
may overlap pre-training data than on dates beyond
each model’s reported cutoff.

In-sample performance correction. For
Qwen2.5-14B, FINCAD reduces returns on
all five tickers with a mean relative drop of
−45.4% of baseline return and−25.6% of baseline
Sharpe, reaching −78.2% (NVDA) and −60.8%
(MSFT) on the most heavily covered names. The
mean calibrated ᾱIS = 1.06 confirms that the
entity-adaptive penalty is firing strongly on the
dates Qwen2.5-14B is most over-confident. For
Phi-4-14B, four of five tickers drop (−19.1% mean
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return, −6.3% Sharpe), with mean ᾱIS = 0.23
indicating lower memorisation.

Post-cutoff behaviour. On the 2025 OOS win-
dow, Phi-4-14B receives ᾱOOS = 0 on every
trading day, leaving the FINCAD trajectory byte-
identical to baseline (∆ = 0 across all five tickers).
Qwen2.5-14B receives ᾱOOS = 0.16 on average,
with non-zero firings only on MSFT (+$8K, +0.39
Sharpe) and AAPL (+$2K, +0.06 Sharpe); three of
five tickers remain byte-identical. The post-cutoff
effect on these two models is therefore zero or
mildly positive, whereas the in-sample corrections
are larger. The temporal dynamics of α(s, t) for the
full five LLMs are reported in Appendix D. Experi-
ment 1 (§4.1) provides a complementary measure
of whether FINCAD broadly degrades task perfor-
mance.

Decision-level check. On the first rebalance date
of three saved Phi-4 trajectories, FINCAD applies
α = 3.0 (NVDA), 3.0 (MSFT), and 2.4 (AAPL),
yet preserves the baseline buy action and executed
share count in all three cases; confidence changes
by +5, −5, and 0 points, respectively.

Generalising to mid- and small-cap stocks. We
extend the analysis beyond mega-caps with multi-
ple mid-caps and small-caps. The tier-level ᾱIS de-
creases from mega- to mid- to small-cap entities for
Phi-4 (0.23 → 0.15 → 0.14) and Qwen2.5-14B
(1.06 → 0.90 → 0.80; Appendix D.2). The in-
sample drops on Qwen2.5-14B likewise attenuate
from −45.4% (mega) to −26.7% (mid) and −0.9%
(small); Phi-4 remains in its smaller-correction
regime across the three tiers. The full results for all
five backtested models and all mid- and small-caps
are in Appendix D.2.

Entity-specific activation. Table 3 reports ᾱIS
for each model–ticker pair in the mega-cap evalua-
tion. Every model exhibits within-model variation
(max−min from 0.40 to 1.74), and the ticker at-
taining the maximum differs across models. Thus,
the adaptive penalty does not reduce to a single
model-level coefficient or a uniform ordering of
entities.

4.3 Experiment 3: Cross-Model Ranking
Alignment

We evaluate FINCAD across 11 instruction-tuned
LLMs from 10 families spanning 7B–14B param-
eters (Phi-4, Llama-3.1, Qwen2.5-14B, Qwen2.5-
7B, GLM-4, Mistral, Yi-1.5, OLMo-2, Starling,

IS (2010–2020) OOS (2025)

Ticker H$K B$K C$K ∆% H$K B$K C$K ∆%

Phi-4-14B (medium memorisation)
NVDA 1379 1300 813 −37.5 137 109 109 0.0
MSFT 654 548 554 +1.2 114 112 112 0.0
AAPL 1106 1109 893 −19.5 110 122 122 0.0
NFLX 4075 4646 3610 −22.3 105 102 102 0.0
AMZN 1355 934 773 −17.2 104 103 103 0.0
mega mean −19.1 0.0
POOL (mid) 1276 901 928 +3.0 68 67 74 +9.8
SAM (small) 801 692 562 −18.8 65 55 64 +15.7

Qwen2.5-14B (high memorisation)
NVDA 1379 1089 237 −78.2 137 128 128 0.0
MSFT 654 652 255 −60.8 114 100 108 +8.0
AAPL 1106 982 806 −17.9 110 115 117 +1.1
NFLX 4075 2572 1491 −42.0 105 101 101 0.0
AMZN 1355 1237 889 −28.2 104 112 112 0.0
mega mean −45.4 +1.8
POOL (mid) 1276 1027 753 −26.7 68 81 73 −9.7
SAM (small) 801 415 412 −0.9 65 69 76 +10.2

Table 2: Per-ticker in-sample (2010–2020) and post-
cutoff (2025) single-stock backtest results across three
cap tiers, daily rebalancing, T=1.0, seed 42. H$K:
passive buy-and-hold ending value (initial $100K).
B$K/C$K: Baseline / FINCAD ending value. ∆%:
(C−B)/|B|. The per-ticker Sharpe-ratio breakdown is
in Appendix D.

Falcon3, DeepSeek; per-model family/size/cutoff
in Table 11 of Appendix D.3). All models have
reported training cutoffs before January 2025, so
the 2025 evaluation period follows every reported
cutoff.

The two simpler baselines are anonymisation
(every ticker → [ticker N], every company
name→ [company N]; e.g. SPY→[ticker 1])
and prompt-injection (the system prompt’s look-
ahead disclaimer is replaced with a strengthened
directive; verbatim text in Appendix B.2). To-
gether they compare three intervention granular-
ities: anonymisation is a coarse input-side inter-
vention, prompt-injection a coarse instruction-level
intervention, and FINCAD a decoder-side interven-
tion that scales logit subtraction using the model’s
per-(entity, date) confidence signal.

Since any particular selection of models can af-
fect the correlation, we adopt an exhaustive subset
sensitivity analysis: we enumerate all

(
11
7

)
= 330

subsets of seven models and, for each subset, com-
pute Spearman’s ρ and Kendall’s τ between each
in-sample condition and the post-cutoff ranking;
we write ρB for the baseline per-subset correlation
and ρC for the corresponding FINCAD value. We
report the subset-averaged means ρ̄ and τ̄ over the
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Phi Qwen Llama Starl. DSeek

NVDA 0.22 0.73 0.33 0.87 1.12
MSFT 0.22 2.16 0.20 0.52 1.78
AAPL 0.10 1.33 0.22 0.82 0.50
NFLX 0.50 0.42 0.68 1.28 0.85
AMZN 0.12 0.63 0.32 0.62 1.03

mean 0.23 1.06 0.35 0.82 1.06
max−min 0.40 1.74 0.48 0.75 1.28

Table 3: Per-ticker mean adaptive strength ᾱIS over
the in-sample mega-cap backtests (2010–2020). Model
columns follow Table 1; bold marks the maximum
within each model.

−0.5 0.0 0.5 1.0
Baseline IS Sharpe

−0.5

0.0

0.5

1.0

O
O

S 
Sh

ar
pe

 (2
02

5–
20

26
) (a)

ρB = +0.800

−0.5 0.0 0.5 1.0
FinCAD IS Sharpe

(b)

ρC = +0.873

y = x
OLS fit
Phi-4-14B

Qwen2.5-14B
Qwen2.5-7B
Llama-3.1-8B

GLM-4-9B
Mistral-7B
Yi-1.5-9B

OLMo-2-7B
Starling-7B

Falcon3-7B
DeepSeek-7B

Figure 2: Each marker is one of 11 LLMs at its (IS,
OOS) Sharpe on SPY; the red line is the OLS fit and the
dashed line is y=x for reference.

330 subsets and supplement them with leave-one-
model-out sensitivity analysis. Because the subsets
overlap, they are treated as descriptive perturba-
tions of the model pool rather than independent
observations for inferential testing.

Ranking alignment. Table 4 reports the per-
model SPY Sharpe ratios under each in-sample con-
dition together with the out-of-sample baseline, and
Table 5 reports the exhaustive correlation analysis.
FINCAD is the only mitigation with higher subset-
averaged alignment: by Sharpe ratio, ρ̄ rises from
+0.779 (baseline) to +0.846 (∆ρ̄ = +0.067). The
two simpler baselines move the descriptive align-
ment in the opposite direction: anonymisation low-
ers ρ̄ to +0.547 and prompt-injection to +0.482.
Sortino-ranked alignment behaves the same way. In
leave-one-model-out analysis, FINCAD improves
the Spearman correlation in 10 of 11 omissions;
the exception is the omission of Qwen2.5-14B. We
report these quantities as observed effect sizes and
sensitivity analyses; formal inference requires addi-
tional independent models and post-cutoff periods.
Across subset sizes k ∈ {5, . . . , 11}, the observed
Spearman improvement remains between +0.061

Model IS-B IS-An IS-PI IS-C OOS

Phi-4-14B 0.620 0.578 0.673 0.585 0.892
Llama-3.1-8B 0.501 0.329 0.229 0.248 0.860
Qwen2.5-14B 0.636 0.653 0.685 0.314 0.732
Qwen2.5-7B 0.230 0.422 0.595 0.123 −0.247
GLM-4-9B −0.154 −0.080 0.321 −0.272 0.156
Mistral-7B 0.685 0.364 0.640 0.682 0.926
Yi-1.5-9B 0.620 0.652 0.560 0.578 1.061
OLMo-2-7B −0.266 −0.231 0.103 −0.404 −0.308
Starling-7B 0.335 0.353 0.337 0.058 0.812
Falcon3-7B 0.382 0.614 0.551 0.337 0.859
DeepSeek-7B 0.173 −0.352 −0.514 −0.242 −0.249

Table 4: Per-model SPY Sharpe ratios under each in-
sample condition (Baseline, Anonymisation, Prompt-
Injection, FINCAD) and the out-of-sample baseline.
T=1.0, seed 42. These per-model values underlie the
subset-averaged ρ̄ / τ̄ statistics in Table 5.

Spearman ρ̄ Kendall τ̄

Method Sharpe Sortino Sharpe Sortino

Baseline +.779 +.642 +.673 +.491
Anonymisation +.547↓ +.488↓ +.418↓ +.382↓

Prompt-injection +.482↓ +.320↓ +.345↓ +.236↓

FINCAD +.846↑ +.694↑ +.709↑ +.527↑

Table 5: Subset-averaged correlation (
(
11
7

)
=330 over-

lapping subsets) between each in-sample mitigation’s
ranking and the post-cutoff baseline ranking. ↑/↓ shows
the direction of the observed change relative to baseline.

and +0.073 (Appendix F).

Analysis. Figure 2 visualises this realignment as
an alignment scatter. A higher Spearman ρ corre-
sponds to markers more tightly arranged in a mono-
tonic pattern, meaning the IS-axis ordering of mod-
els agrees with the OOS-axis ordering. One illustra-
tive correction is on Qwen2.5-14B (orange square):
under baseline it ranks IS top-3 (Sharpe 0.636)
but delivers only the 7th-best OOS Sharpe (0.732);
FINCAD corrects its IS Sharpe to 0.314, demoting
its IS rank to a position consistent with its OOS
rank. Models with smaller memorisation footprints
whose in-sample edge survives OOS (Mistral-7B,
Yi-1.5, Phi-4-14B) barely shift between the two
panels, and the OOS top-3 is preserved in both.

4.4 Takeaway

The three experiments characterise complementary
aspects of FINCAD: changes on general bench-
marks (§4.1), the relative magnitude of in-sample
and post-cutoff corrections (§4.2), and the align-
ment of in-sample and post-cutoff model rankings
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(§4.3). We view FINCAD as a contamination con-
trol conceptually parallel to the deflated Sharpe
(Bailey and López de Prado, 2014) and survivor-
ship corrections (Heckman, 1979; Brown et al.,
1992), providing a tool for re-evaluating agent
pipelines when model training data overlap the
backtest period.

5 Conclusion

To mitigate parametric look-ahead bias, we pro-
posed FINCAD, an inference-time adaptation of
Context-Aware Decoding that attenuates a memory-
enriched prior without retraining, by combining an
adversarial bias-discovery pipeline that learns a
model-specific prior prompt with an entity- and
date-adaptive rule for the CAD strength α.

Across multiple 7–14B LLMs, FINCAD pro-
duces model-dependent in-sample corrections,
with limited post-cutoff changes for the three
larger models and limited mean general-benchmark
changes for four of five models. In the leaderboard
analysis, the subset-averaged Spearman correlation
between in-sample and post-cutoff Sharpe rank-
ings rises from +0.779 to +0.846, improving their
descriptive alignment.

More broadly, FINCAD is a complementary
intervention that integrates with existing trading-
agent evaluation pipelines and works alongside
input-side protections when training-cutoff over-
lap is unavoidable. Its operational template may
extend to other counterfactual evaluations involv-
ing named entities and dated outcomes, but such
extensions require domain-specific calibration and
validation.

Limitations

First, FINCAD only partially mitigates parametric
look-ahead bias: the calibrated logit subtraction re-
duces the contribution of memorised future knowl-
edge but does not guarantee its complete removal.
Residual memorisation may persist whenever the
prior prompt fails to fully activate the model’s para-
metric recall, or whenever memorisation is encoded
in pathways that the chosen probe does not detect.
The entropy-based signal is a heuristic proxy for
date-specific recall: no counterfactual ground truth
permits identifiable precision or recall for α(s, t),
or an exact decomposition of a portfolio change
into memorised and context-grounded components.
We therefore interpret the results as system-level
mitigation evidence rather than pointwise causal

attribution or an exact estimate of contamination.
The reported normalisation is also label-free but
transductive because it uses post-cutoff model con-
fidence; the inductive, temporally frozen variant
described in §3.2 remains to be evaluated.

Second, our evaluation is restricted to
instruction-tuned LLMs in the 7B–14B parameter
range. Whether the same calibration mechanism
transfers cleanly to substantially larger models
(e.g., 70B+ or frontier closed-source models)
remains open. The eleven-model evaluation
required several thousand GPU-hours; evaluation
across multiple frontier-scale models remains
future work. FINCAD also requires access to
next-token logits. APIs exposing action-token
log probabilities could support paired external
contrasts, while text-only APIs would require
repeated sampling with greater cost and variance;
neither black-box variant is evaluated here.

Third, our backtests are restricted to price-
derived summaries in long-only, single-stock US-
equity portfolios (mega-, mid-, and small-cap
names and SPY), with one temperature and one
seed per condition. Transfer to agents using news
and filings, multi-asset portfolios, other markets,
or longer action trajectories remains an empirical
question; the magnitude of the bias and the ap-
propriate α range may differ from those observed
here.

FINCAD provides an operational intervention
for studying parametric look-ahead bias in LLM-
based backtesting. Existing work documents the
bias qualitatively (Gao et al., 2026; Benhenda,
2026), while direct identification of its contribu-
tion to a specific portfolio trajectory remains open.
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A Backtesting Framework

This appendix documents the single-stock back-
testing framework used in Experiments 2 and 3.
The same execution and accounting rules are ap-
plied to baseline and FINCAD conditions so that
their observed differences are not induced by the
simulator.

Agent and signal. At each trading date the LLM
acts as a quantitative analyst for a single ticker.
It receives a structured financial summary built
from price data only, with no news, filings, or
macro feeds: the latest closing price, trailing re-
turns over multiple windows (1m, 3m, 6m, 1y),
simple and exponential moving averages, annu-
alised realised volatility, the 52-week high/low and
the current price’s position within that range, the
count of positive days over the last 21 trading ses-
sions, and (when available) the 21-day average dol-
lar volume. Given this summary, the agent must
return a JSON object with three fields: action ∈
{buy, sell, hold}, quantity (integer share count),
and confidence (integer in [0, 100]). Outputs are
parsed with a lightweight tolerant JSON extrac-
tor; on parse failure the procedure retries with a
reduced α.

Execution timing (no intraday look-ahead).
The agent at rebalance date t sees only data with
timestamp strictly less than t (i.e., up to the previ-
ous day’s close). Trades are then executed at the
next trading day’s adjusted opening price, never the
same day’s close that produced the signal. Daily
portfolio values are marked-to-market using ad-
justed close. This ordering ensures the agent never
observes the price at which it trades, which is the
standard guard against intraday look-ahead.

Initial capital and portfolio. Each backtest
starts with $100,000 of cash and zero shares. The
portfolio is long-only and consists of cash plus a
position in a single ticker; short selling, leverage,
and options are disabled. Cash earns no interest
in the simulation (the risk-free rate enters only via
Sharpe/Sortino computation, not via cash accrual).

Commission model. Transaction costs are mod-
elled as 10 basis points (bps) of trade notional,
charged one-way on both buys and sells. This is a
central estimate for large- and mid-cap US equities
covering broker commission, half-spread, and mar-
ket impact (Novy-Marx and Velikov, 2016). The
model is deliberately notional-based rather than per-
share: split-adjusted prices can be orders of mag-
nitude smaller than nominal prices, so a per-share
fee would inflate effective commissions on heav-
ily split tickers. A notional fee is split-invariant.
Commission is deducted mechanically from the
portfolio cash and is not mentioned in the LLM
prompt, to avoid introducing asymmetric context
between the context and the CAD prior. Insuffi-
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cient cash is handled by reducing the requested
share count until the order plus commission fits the
available cash.

Liquidity cap. To prevent the agent from plac-
ing economically unrealistic orders, every order is
capped at 1% of the trailing 20-day average daily
volume (ADV) on the execution date. Orders re-
questing more than this cap are clipped to the cap;
the remainder is dropped (no carry-over). The cap
is disabled if volume data is unavailable for the
ticker.

Performance metrics. We report total return,
CAGR, annualised volatility, Sharpe ratio, Sortino
ratio, maximum drawdown, and ending portfolio
value, computed from the daily mark-to-market se-
ries with 252 trading days per year. The risk-free
rate is fixed at 3% annualised (a long-run US T-
bill average over our evaluation window), used in
both Sharpe and Sortino. Each backtest is bench-
marked against a buy-and-hold reference: an all-in
purchase at the first execution open, held to the
final close, with the same commission charged on
the initial purchase.

Decoding configuration. All backtesting experi-
ments use temperature T=1.0 with a fixed random
seed for reproducibility. We initially tried greedy
decoding (T=0) and found that it masks CAD’s ef-
fect: the logit subtraction shifts the full distribution
but rarely flips the argmax token, so a large fraction
of trading decisions remain identical between base-
line and FINCAD. At T=1.0 the distribution shift
propagates into sampled tokens, so CAD can mean-
ingfully alter the agent’s outputs. Experiment 1
(general-reasoning benchmarks) instead uses T=0
to match standard evaluation protocols on those
benchmarks.

The verbatim agent prompts, the two
Experiment-3 mitigation variants, and the
per-model discovered T ∗

prior instructions are listed
together in Appendix B.

B Prompts

This appendix collects the verbatim prompts used
across all experiments: the baseline backtesting
agent prompt (§B.1), the two Experiment-3 mit-
igation variants (§B.2), and the model-specific
memory-activation instructions T ∗

prior discovered
by MIPROv2 (§B.3). Curly-brace tokens (e.g.
{ticker}, {date}) are runtime substitution slots

filled per (entity, date) at backtest time; everything
else is verbatim.

B.1 Backtesting agent prompt (baseline)

The baseline single-stock agent (Experiments 2–
3) receives a system message and a context body,
and must respond with a single JSON object. The
system message establishes the role, the look-ahead
disclaimer, and the output schema; the context body
supplies the price-derived financial summary, the
current portfolio state, and the action-space limits.

System message

You are a portfolio manager for a single-stock
strategy.
You will be given financial data for {ticker}
as of {date}.
Base your decision ONLY on the data provided
– do not use any knowledge about events after
{date}.

You must pick one action and a quantity within
the allowed limits.

Return your decision as a JSON object with
exactly these keys:
- "action": one of "buy", "sell", or "hold"
- "quantity": integer number of shares to

trade (0 for hold)
- "confidence": integer between 0 and 100
- "reasoning": string with a concise

rationale (max 100 chars)

Respond with valid JSON only.

Context body

=== Financial Data for {ticker} as of {date}
===

{financial_summary}

=== Portfolio State ===
Cash: ${cash}
Current Shares: {shares}
Portfolio Value: ${portfolio_value}

=== Allowed Actions ===
{allowed_actions}

Based solely on the data above, what is your
trading decision?

The financial_summary slot is populated by
the price-derived summary documented in Ap-
pendix A (trailing returns, moving averages, re-
alised volatility, 52-week range, positive-day count,
ADV).

B.2 Mitigation prompts (Experiment 3)

Experiment 3 evaluates two input-side mitigations
alongside FINCAD. Both edit the prompts above;
all other agent state (rebalance schedule, output
schema, decoding configuration) is identical to the
baseline.
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Anonymisation. Every occurrence of a ticker
symbol is replaced with the placeholder [ticker
N] and every occurrence of a company name with
[company N], where N is a per-entity counter
assigned in order of first appearance (e.g., TSLA→
[ticker 1], Tesla → [company 1]). Replace-
ment is applied to the entire prompt content (system
message and financial-summary body) before the
prompt is sent to the model. Example: the system
message for a TSLA decision becomes “You will
be given financial data for [ticker 1] as of {date}”
rather than “... data for TSLA ...”.

Prompt-injection. The baseline system message
contains a brief look-ahead disclaimer (“Base your
decision ONLY on the data provided – do not use
any knowledge about events after {date}.”). For the
prompt-injection condition we replace the entire
role-and-disclaimer block of the system message
with the strengthened version below; the JSON out-
put schema (the lower half of the system message)
is identical to the baseline.

Prompt-injection system message (strength-
ened)

You are a portfolio manager for a single-stock
strategy operating *as of {date}*.
You will be given financial data for {ticker}
as of {date}. Your information set is strictly
limited to events and prices up to and
including {date}; you have NO knowledge of
anything that happened after that date.

You must NOT recall, retrieve, or rely on
any memory of {ticker}’s future behaviour. Do
not reason about post-{date} price movements,
news, earnings, products, or events. If
your training data contains such information,
treat it as inaccessible. Decisions based on
post-{date} memory are a violation of these
instructions.

You must pick one action and a quantity within
the allowed limits.

Return your decision as a JSON object with
exactly these keys:
- "action": one of "buy", "sell", or "hold"
- "quantity": integer number of shares to

trade (0 for hold)
- "confidence": integer between 0 and 100
- "reasoning": string with a concise

rationale (max 100 chars)

Respond with valid JSON only.

B.3 Optimised memory-activation instruction

For each model in our pool we run the adver-
sarial bias-discovery pipeline of §3.1 once to ob-
tain a model-specific memory-activation instruc-
tion T ∗

prior. The same T ∗
prior is reused as the pre-

fix of the prior prompt in every Experiment-2

and Experiment-3 backtest for that model. Each
T ∗

prior below is the verbatim instruction selected by
MIPROv2 on the held-out validation split of Dcalib.
For three of our five backtested models the opti-
miser retained the seed instruction unchanged, a
finding consistent with the seed already being a
strong general-purpose memory probe.

Phi-4-14B
Imagine a high-stakes scenario in which the rapid fi-
nancial stability of a major corporation is at risk due
to emerging economic volatility. Your objective is to
swiftly analyze the available information and insights
you possess from your training data about this financial
entity. Based on this analysis, predict a critical outcome
regarding the corporation’s financial resilience.

Qwen2.5-14B-Instruct

Recall what you know from your training data about this
financial entity and predict the outcome.

Llama-3.1-8B-Instruct
Recall what you know from your training data about this
financial entity and predict the outcome.

Starling-LM-7B

In a high stakes scenario where the Language Model
must predict the outcome of a significant financial de-
cision, the following instruction can be used to prompt
the model: “Predict the potential impact on the stock
market and investment opportunities for a major corpo-
ration if it successfully acquires a rival company in a
multi-billion-dollar deal, considering historical trends,
market conditions, and potential regulatory challenges.”

DeepSeek-7B-Chat

Recall what you know from your training data about this
financial entity and predict the outcome.

The remaining six cross-model-validation mod-
els (Qwen2.5-7B, GLM-4-9B, Mistral-7B, Yi-1.5-
9B, OLMo-2-7B, Falcon3-7B) use T ∗

prior instruc-
tions discovered with the same pipeline; their full
text is omitted for brevity but is available in the
released discovery artefacts .

C FINCAD Inference Algorithm

Algorithm 1 gives the complete inference-time pro-
cedure for a single (entity, date) decision under FIN-
CAD, combining the prior-prompt construction
(§3.1), the entity-adaptive penalty (§3.2), and the
context-aware decoding loop with adaptive retry
on parse failure.
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D Per-Model Detail: Reasoning
Preservation and Single-Stock
Backtests

This appendix provides the full per-model evi-
dence underlying the main-paper claims in §4. Sec-
tion D.1 gives the full five-model per-benchmark
changes and mean absolute accuracies (Table 6),
complementing the compact main-paper summary
in Table 1. Section D.2 extends Experiment 2 with
the temporal dynamics of the adaptive strength
(Figure 3 and Table 7) and full per-ticker IS/OOS
breakdowns for the three models not shown in
Table 2 (Table 8: Llama-3.1-8B, Starling-7B,
DeepSeek-7B-Chat), as well as the full mid- and
small-cap robustness panel across all five back-
tested models (Tables 9 and 10). Section D.3 lists
the 11 backtested LLMs and their training cutoffs
(Table 11).

D.1 Experiment 1: Per-Benchmark Detail
Table 6 reports the per-benchmark change for all
five models together with each model’s mean base-
line and FINCAD accuracy. The fixed αbench used
for each model is included alongside the model
name.

D.2 Experiment 2: Cross-Model and
Per-Ticker Detail

Temporal dynamics of the calibrated penalty.
Figure 3 shows the daily calibrated α across the en-
tire IS period (2010–2020) for every (model, ticker)
pair, with a 63-day rolling mean overlaid. Two
qualitatively different temporal patterns emerge.
For Phi-4-14B, Llama-3.1-8B, Starling-7B, and
DeepSeek-7B-Chat, α is concentrated in the early
part of the IS window and decays towards zero in
later years. Qwen2.5-14B exhibits the opposite pat-
tern: α is low in 2010–2012 and rises from 2014
onwards. Table 7 reports the year-bucketed num-
bers underlying this contrast.

Cross-model summary. The mean calibrated
ᾱIS rises monotonically with the model’s mea-
sured memorisation level, from 0.23 for Phi-4-14B
(the lowest-memorisation backbone in our pool)
to 1.06 for Qwen2.5-14B and DeepSeek-7B-Chat
at the high end. For four of five models (Phi-
4, Qwen2.5-14B, Starling-7B, DeepSeek-7B) the
mean in-sample return drops under FINCAD, with
the magnitude of the drop scaling with ᾱIS. Llama-
3.1-8B is the lone exception: with mean ᾱIS = 0.35
FINCAD instead acts as a positive regulariser

Algorithm 1 FINCAD Inference
Require: Entity s, date t, model M, system

prompt Tctx, data summary D(s, t), optimised
instruction T ∗

prior, task format Ftask, entity stats
H̄s, σs (from entity calibration), model params
σref,∆range, αmin, αmax, αcap

Ensure: FINCAD-adjusted generated response
1: ▷ Construct prompts
2: xctx ← Tctx ⊕ (s, t) ⊕ Ftask ⊕ D(s, t) ▷

Eq. 2
3: xprior ← T ∗

prior ⊕ (s, t) ⊕ Ftask ▷ Eq. 3
4: ▷ Entity-adaptive penalty (§3.2)
5: xprobe ← T ∗

prior ⊕ “After t, s stock went” ▷
Completion probe

6: Ĥ ← BINARYENTROPY(M, xprobe) ▷ Eq. 8
7: α ← αmax ·min

(
1, σs/σref

)
·max

(
0, (H̄s −

Ĥ)/∆range
)

▷ Eq. 13
8: α← max

(
αmin, min(α, αcap)

)

9: ▷ Context-aware decoding with adaptive retry
10: repeat
11: for each decoding step do
12: Vctx ← M(xctx); Vprior ←
M(xprior)

13: Ṽ ← (1 + α)Vctx − αVprior ▷ logit
blend

14: v ← SAMPLE(softmax(Ṽ )) ▷ sample
from ỹ, Eq. 1

15: Append v to both xctx and xprior
16: end for
17: if output is parseable then
18: return generated sequence
19: end if
20: α← 0.8α ▷ Reduce and retry (up to 5

times)
21: until parsed or retries exhausted

(mean return +26.5%, mean Sharpe +0.07), driven
by a single AAPL outlier (+115.3%). This result
illustrates that an in-sample correction need not
decrease returns: changing the contribution of the
prior can also yield a more profitable sampled tra-
jectory. On out-of-sample (2025) all three larger
models (Phi-4-14B, Qwen2.5-14B, Llama-3.1-8B)
preserve the baseline within ±$8K and the mean
Sharpe within ±0.10; the two smaller chat mod-
els (Starling-7B, DeepSeek-7B) show larger OOS
variance, but the directional pattern of the mean is
consistent.

Per-ticker detail. Table 8 extends Table 2 of
the main paper to the three models not shown
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Model (αbench) y GSM8K _ MMLU-P F C-Math ¢ FinEval 3 HumEval B C ∆

Phi-4-14B (.18) +0.5 −0.2 +0.8 +7.1 +3.0 59.8 62.0 +2.2
Qwen2.5-14B (.81) +0.4 +2.1 −2.0 −0.6 +0.6 68.1 68.2 +0.1
Llama-3.1-8B (.26) −4.9 +6.6 −7.8 +0.2 +0.6 57.9 56.8 −1.0
Starling-7B (.62) −6.9 +0.2 −1.0 −1.0 0.0 50.4 48.6 −1.7
DeepSeek-7B-Chat (.90) −21.3 +2.4 −4.6 +2.8 −0.6 46.4 42.2 −4.3

Table 6: Full five-model reasoning-preservation results. The five task columns report the accuracy change (FINCAD
− baseline, percentage points); B and C report each model’s mean baseline and FINCAD accuracy across the five
benchmarks. Greedy decoding, seed 42.

Model 2010–12 2013–15 2016–18 2019

Phi-4-14B 0.68 0.05 0.03 0.03
Qwen2.5-14B 0.40 1.12 1.49 1.52
Llama-3.1-8B 0.63 0.45 0.10 0.00
Starling-7B 1.31 0.79 0.62 0.04
DeepSeek-7B 1.37 1.29 0.64 0.66

Table 7: Year-bucketed mean α averaged across the five
tickers.

there. Column conventions are identical: B$K and
C$K denote the ending portfolio value ($K) under
Baseline and FINCAD; ∆% is the relative return
change; ∆Sh is the absolute Sharpe-ratio change.
On Starling-7B FINCAD produces the strongest IS
drop in our pool: returns collapse on all five tick-
ers, with NVDA losing 90% of its baseline ending
value. OOS preservation is also weaker than for the
larger models, with ᾱOOS=0.12 producing residual
drops on 4/5 tickers (memorisation that the OOS
calibrator does not zero out). On DeepSeek-7B-
Chat the AMZN OOS gain (+22.8%, ∆Sh +1.19)
is an artefact of the calibrator firing on a small
number of dates where the baseline was holding a
substantially negative-Sharpe position rather than
a genuine OOS improvement.

Mid- and small-cap robustness. Table 2 of the
main paper extends each panel with one mid-cap
(POOL) and one small-cap (SAM) probe ticker. We
additionally backtested every (model, ticker) com-
bination across a six-ticker mid/small panel: KMX
(CarMax), POOL (Pool Corporation), EXPE (Expe-
dia) on the mid-cap side, and CROX (Crocs), SAM
(Boston Beer), BJRI (BJ’s Restaurants) on the
small-cap side. Tickers were chosen to have the full
2010–2025 daily price coverage that the IS+OOS
protocol requires. Table 9 reports the per-(model,
ticker) calibrated penalty ᾱIS. Two patterns gener-
alise from the mega-cap pool. First, ᾱIS scales with
each model’s overall memorisation strength (Phi-4

IS (2010–2020) OOS (2025)

Tkr B$K C$K ∆% ∆Sh B$K C$K ∆% ∆Sh

Llama-3.1-8B (ᾱIS=0.35)
NVDA 680 837 +23.1 +.04 142 142 0.0 .00
MSFT 382 383 +0.3 +.00 110 110 0.0 .00
AAPL 339 730 +115.3 +.33 100 100 0.0 .00
NFLX 1164 1329 +14.1 +.03 103 103 0.0 .00
AMZN 533 424 −20.5 −.07 114 114 0.0 .00

mean +26.5 +.07 0.0 .00

Starling-7B (ᾱIS=0.82)
NVDA 872 87 −90.1 −.75 112 78 −30.3 −.98
MSFT 416 151 −63.6 −.48 114 94 −18.0 −1.15
AAPL 498 296 −40.5 −.18 109 105 −4.3 −.20
NFLX 1394 304 −78.2 −.35 107 122 +13.6 +.50
AMZN 703 259 −63.2 −.34 101 72 −28.8 −1.34

mean −67.1 −.42 −13.6 −.63

DeepSeek-7B-Chat (ᾱIS=1.06)
NVDA 294 387 +31.7 +.09 109 84 −23.4 −.97
MSFT 295 108 −63.5 −.71 100 100 0.0 −.13
AAPL 318 250 −21.3 −.19 94 97 +2.7 −.32
NFLX 759 375 −50.6 −.30 105 94 −10.6 −.63
AMZN 424 285 −32.8 −.16 82 101 +22.8 +1.19

mean −27.3 −.25 −1.7 −.17

Table 8: Per-ticker IS / OOS single-stock backtest re-
sults for the three models not shown in Table 2. Daily
rebalancing, T=1.0, seed 42.

mid/small mean 0.14; Qwen2.5-14B and Starling-
7B both ≈ 0.9; DeepSeek-7B-Chat 0.11). Second,
the within-model spread on mid/small entities is
non-trivial (Phi-4 max−min 0.27; Qwen2.5-14B
0.80), so the calibrator continues to discriminate
among individual mid- and small-cap names rather
than collapsing to a uniform setting. The corre-
sponding per-ticker IS+OOS backtests for all five
models are in Table 10; for completeness this table
includes the POOL and SAM rows already shown
in the main paper for Phi-4-14B and Qwen2.5-14B
alongside the remaining four mid/small tickers and
the three other models. Per-ticker IS deltas are nois-
ier on small-caps because of lower trade volumes,
smaller baseline portfolios, and the cascade of even
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Figure 3: Daily calibrated α across the IS period for every (model, ticker) pair. Faint scatter = per-day α; solid line
= 63-day rolling mean; per-panel mean is annotated. Rows = LLMs (top to bottom: Phi-4-14B, Qwen2.5-14B,
Llama-3.1-8B, Starling-7B, DeepSeek-7B-Chat); columns = tickers (NVDA, MSFT, AAPL, NFLX, AMZN). α
axis is shared across all panels (range 0–4).

Mid-cap Small-cap

Model KMX POOL EXPE CROX SAM BJRI mean

Phi-4-14B 0.27 0.15 0.08 0.00 0.14 0.17 0.14
Qwen2.5-14B 0.45 0.90 1.18 0.38 0.80 1.00 0.79
Llama-3.1-8B 0.68 0.69 0.55 0.79 0.75 0.43 0.65
Starling-7B 0.73 0.71 1.26 0.59 0.87 1.33 0.92
DeepSeek-7B 0.06 0.10 0.25 0.19 0.03 0.02 0.11

Table 9: Per-ticker mean calibrated ᾱIS across mid- and
small-cap entities, all five backtested models. Compare
with the mega-cap grid in Table 3.

small α firings through portfolio state; mean rows
in the bottom of each panel capture the per-cap-
class signal with less noise.

D.3 Experiment 3: Cross-Model Roster

Table 11 lists the 11 instruction-tuned LLMs used
in the cross-model alignment analysis (§4.3), with
family, parameter count, and reported pre-training
cutoff. All reported cutoffs fall before January
2025, so the 2025 evaluation window follows every
model’s reported cutoff.

E Per-Model Equity Curves

Figure 2 in the main paper visualises the IS→OOS
alignment shift induced by FINCAD via a per-
model scatter of (IS, OOS) Sharpe pairs. Figure 4
complements this with the underlying in-sample
equity curves for all ten models in the cross-model
analysis. Within each panel, the faded line is base-
line decoding and the bold line is FINCAD. The
gap between the two lines is a visual proxy for the
look-ahead bias FINCAD removes: it is near-zero
for Phi-4, Llama-3.1, and Yi-1.5, but substantial
for Qwen2.5-14B, Qwen2.5-7B, Starling-7B, and
Falcon3-7B.

F Subset-Size Sensitivity

Table 12 reports the exhaustive subset analysis for
Sharpe ratio across all subset sizes k ∈ {5, . . . , 11}
from the n=11 models. The observed difference
∆ρ = ρ̄C − ρ̄B remains between +0.06 and +0.07
across these subset sizes. Because subsets at a
given k overlap, this analysis measures sensitivity
to model-pool composition rather than sampling
uncertainty over independent observations.
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FINCAD. Curves normalised to 1.0 at the start date.

G Artifact Licences, Provenance, and
Attribution

This section records the provenance, declared li-
cence status, and experimental use of the principal
datasets, codebases, and model weights. Dataset
and model licences are reported from their official
repository or model cards at the time of access.

Price data (FINSABER). The 2010–2025 daily
price panel and the survivorship-, leakage-, and
look-ahead-aware data conventions used through-
out Experiments 2 and 3 are sourced from the
FINSABER-V2 data release3 (Li et al., 2026a). Its
dataset card declares the licence as other and notes
that users remain responsible for the terms of the
underlying data providers. We use the data for aca-
demic evaluation and direct users to the upstream
release; no price data are redistributed with FIN-
CAD.

3https://huggingface.co/datasets/
finsaber-team/FINSABER-V2-Data

General benchmark datasets. Experiment 1
uses openai/gsm8k, TIGER-Lab/MMLU-Pro,
HuggingFaceH4/MATH-500,
openai/openai_humaneval, and FinEval
through their Hugging Face releases. The original
Salesforce/FinEval dataset card4 declares the
CC BY-NC 4.0 License and notes that users
remain responsible for the terms of its constituent
source datasets. For reproducibility, we release
the 20 multiple-choice subsets converted into
the unified schema used by our evaluator. T his
derived release5 does not supersede the upstream
licence or source-specific terms. The dataset
cards for GSM8K, MMLU-Pro, and HumanEval
declare the MIT License. The MATH-500
card does not declare a licence and identifies
OpenAI’s MIT-licensed PRM800K repository
as its immediate source. Except for the separate

4https://huggingface.co/datasets/Salesforce/
FinEval

5https://huggingface.co/datasets/waylonli/
fineval-processed
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IS (2010–2020) OOS (2025)

Tkr B$K C$K ∆% ∆Sh B$K C$K ∆% ∆Sh

Phi-4-14B (mid+small mean ᾱIS=0.14)
KMX 201 163 −18.8 −.07 44 47 +5.5 +.23
POOL 901 928 +3.0 +.00 67 74 +9.8 +.47
EXPE 165 206 +24.8 +.06 149 149 0.0 .00
CROX 182 302 +65.4 +.12 59 73 +23.4 +.60
SAM 692 562 −18.8 −.07 55 64 +15.7 +.84
BJRI 132 225 +70.1 +.16 114 109 −4.4 −.11
mean +21.0 +.03 +8.3 +.34

Qwen2.5-14B (mid+small mean ᾱIS=0.79)
KMX 226 282 +24.7 +.08 55 64 +17.2 +.42
POOL 1027 753 −26.7 −.09 81 73 −9.7 −.33
EXPE 135 103 −24.0 −.11 140 136 −3.4 −.05
CROX 606 912 +50.6 +.10 58 98 +69.7 +1.11
SAM 415 412 −0.9 +.01 69 76 +10.2 +.49
BJRI 117 132 +12.8 +.02 101 143 +42.0 +.96
mean +6.1 +.00 +21.0 +.43

Llama-3.1-8B (mid+small mean ᾱIS=0.65)
KMX 421 106 −74.9 −.51 51 51 0.0 .00
POOL 640 1017 +58.8 +.18 63 63 0.0 .00
EXPE 198 184 −7.1 −.02 164 164 0.0 .00
CROX 311 321 +3.0 +.01 63 79 +25.9 +.41
SAM 502 444 −11.6 −.06 67 70 +5.9 +.29
BJRI 146 137 −6.2 −.02 135 106 −21.4 −.58
mean −6.3 −.07 +1.7 +.02

Starling-7B (mid+small mean ᾱIS=0.92)
KMX 90 53 −41.5 −.42 61 72 +18.5 −.34
POOL 737 192 −74.0 −.58 77 100 +30.7 +1.30
EXPE 113 18 −84.2 −.74 117 82 −30.4 −1.38
CROX 189 209 +10.8 .00 89 95 +6.4 +.04
SAM 335 129 −61.6 −.37 73 100 +36.4 +1.59
BJRI 152 75 −50.7 −.36 88 106 +21.1 +.62
mean −50.2 −.41 +13.8 +.31

DeepSeek-7B-Chat (mid+small mean ᾱIS=0.11)
KMX 97 120 +24.1 +.12 75 82 +8.9 +.84
POOL 289 314 +8.5 +.04 72 76 +6.2 +.32
EXPE 30 66 +124.3 +.43 106 121 +14.6 +.53
CROX 111 96 −13.4 −.03 72 72 0.0 .00
SAM 117 271 +132.1 +.41 71 75 +5.3 +.20
BJRI 101 26 −74.6 −.57 103 170 +64.5 +1.54
mean +33.5 +.07 +16.6 +.57

Table 10: Full mid- and small-cap per-ticker results for
all five backtested models. The POOL and SAM rows
for Phi-4-14B and Qwen2.5-14B are reproduced here
from Table 2 of the main paper for completeness. Daily
rebalancing, T=1.0, seed 42. Per-ticker ∆ is noisier on
small-caps due to lower trade volumes and the cascade
of small α firings through portfolio state; mean rows
summarise each panel.

preprocessed FinEval release described above,
these datasets are accessed for evaluation only and
are not redistributed with FINCAD.

Context-Aware Decoding. Our logit-blending
update (Eq. 1) follows the Context-Aware Decod-
ing formulation of Shi et al. (2024), whose refer-
ence implementation is publicly available6. We
re-implement the decoding loop on top of Hug-

6https://github.com/xhan77/
context-aware-decoding

Model Family Size Cutoff

Phi-4-14B Phi 14B Jun ’24
Llama-3.1-8B-Inst. Llama 8B Mar ’24
Qwen2.5-14B-Inst. Qwen 14B Jun ’24
Qwen2.5-7B-Inst. Qwen 7B Jun ’24
GLM-4-9B-Chat GLM 9B Mar ’24
Mistral-7B-v0.3 Mistral 7B May ’24
Yi-1.5-9B-Chat Yi 9B May ’24
OLMo-2-7B-Inst. OLMo 7B Nov ’24
Starling-LM-7B Starling 7B Mar ’24
Falcon3-7B-Inst. Falcon 7B Sep ’24
DeepSeek-7B-Chat DeepSeek 7B Nov ’23

Table 11: Models for cross-model validation (11 models
from 10 families, cutoffs before Jan 2025).

k
(
11
k

)
ρ̄B ρ̄C ∆ρ

5 462 +.758 +.818 +.061
6 462 +.770 +.834 +.064
7 330 +.779 +.846 +.067
8 165 +.786 +.855 +.069
9 55 +.792 +.862 +.070

10 11 +.796 +.868 +.072
11 1 +.800 +.873 +.073

Table 12: Descriptive Sharpe-ratio ranking alignment
(Spearman ρ) across subset sizes. B = baseline; C =
FINCAD.

gingFace Transformers in order to support (i) the
entity-adaptive penalty (§3.2), (ii) the adversar-
ial prior-discovery pipeline (§3.1), and (iii) the
adaptive-retry mechanism on JSON parse failure
(Algorithm 1). The reference repository did not
contain a licence file when accessed. We use the
published formulation as prior work and do not
copy source files from the repository.

FINCAD implementation. Our implementation
is licensed under the MIT License and is released7.
The repository includes the inference and discov-
ery code, experiment configurations, and discovery
JSON artifacts; datasets and model weights remain
available from their respective providers.

Single-stock backtesting harness (ai-hedge-
fund). The structured-summary prompt template,
JSON action schema, and execution-at-next-open
conventions used in Experiments 2 and 3 are
adapted from the open-source ai-hedge-fund
project8, released under the MIT License. We
retain the agent-as-quantitative-analyst design but
implement our own trading loop, a one-way

7https://github.com/waylonli/FinCAD
8https://github.com/virattt/ai-hedge-fund
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transaction-cost model of 10 bps of trade notional
(Appendix A), and the long-only single-stock con-
straint that defines the simulation envelope on top
of HuggingFace Transformers and pandas.

Prompt optimisation (DSPy / MIPROv2). The
adversarial prior-discovery pipeline (§3.1) uses
MIPROv2 (Khattab et al., 2024) as released in
DSPy under the MIT License. We use DSPy as
a library without modification and write a project-
specific signature, metric, and proposer configura-
tion as described in §3.1.

Inference stack. Model inference uses Hugging-
Face Transformers (Apache License 2.0) and Py-
Torch (BSD-3-Clause License); ancillary data han-
dling uses pandas (BSD-3-Clause).

Pre-trained model licenses. All eleven LLMs
evaluated in §4.3 are accessed through Hugging-
Face under their providers’ stated terms; we use the
pre-trained weights for non-commercial academic
research consistent with each licence. The major-
ity (Qwen2.5-14B-Instruct, Qwen2.5-7B-Instruct,
Mistral-7B-v0.3, Yi-1.5-9B-Chat, and OLMo-2-
7B-Instruct) are released under the Apache Li-
cense 2.0. Phi-4-14B is released under the
MIT License. The remaining five models carry
custom or community licences: Llama-3.1-8B-
Instruct under the Llama 3.1 Community Licence,
GLM-4-9B-Chat under the GLM-4 Model Li-
cence, Falcon3-7B-Instruct under the TII Falcon-
LLM Licence 2.0, DeepSeek-7B-Chat under the
DeepSeek Model Licence, and Starling-LM-7B
under Apache 2.0 with a research-only restric-
tion. Licences are as reported on each model’s
HuggingFace card at the time of writing.
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