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Smart Money Concepts and ICT provide a practitioner vocabulary of market-structure events, but their
discretionary use rarely yields reproducible, cost-aware execution. We propose a structure-aware trading
pipeline for XAUUSD that (1) extracts deterministic, leakage-safe SMC/ICT primitives from hourly OHLC
bars (liquidity sweeps, BOS/CHoCH, Fair Value Gaps, and Order Blocks) and converts them into candidate
trade setups, (2) trains supervised classifiers to estimate the probability that each setup resolves favorably
within a fixed horizon, (3) applies post-hoc probability calibration (isotonic regression on rolling folds)
to obtain reliable success probabilities, and (4) maps calibrated probabilities to position sizes through a
one-step linear program that maximizes expected net edge under proportional costs, exposure/turnover
limits, and a CVaRα tail-risk constraint using an empirical scenario set conditioned on trading session and
volatility regime. On the development period (Jan 2023–May 2025), the hybrid ML–LP system achieves
46.7% net return with Sharpe 1.18 and maximum drawdown 6.8%, outperforming rules-only SMC/ICT
(38.6%, Sharpe 0.86) andML-only sizing (34.1%, Sharpe 0.79). On a held-out validation window (Jun–Dec
2025), calibration and downside control generalize, yielding Brier score 0.186, ECE 6.1%, realized ES0.95
0.036, and MDD 6.3%. Ablations show that probability calibration and CVaR constraints are primary
drivers of risk-adjusted gains, while session conditioning improves robustness across regimes

Povzetek: Članek predstavi strukturirano trgovalno cevovodje za XAUUSD, ki iz ur OHLC deterministično
izlušči SMC/ICT vzorce, z nadzorovanim učenjem in kalibracijo oceni verjetnost uspeha setupov ter te
verjetnosti prek linearnega programa s stroški in CVaR omejitvijo preslika v velikosti pozicij za stabilnejšo,
tveganju prilagojeno izvedbo

1 Introduction

Short-horizon price dynamics in liquid markets are shaped
by the distribution of liquidity around salient levels and by
transient depth depletion after aggressive trades, which can
produce sweep-and-reversal behavior and local price accel-
eration [1, 2].
In parallel to academic research, practitioner-driven

frameworks grouped under Smart Money Concepts (SMC)
and Inner Circle Trader (ICT) methodology have gained
significant popularity in discretionary and semi-systematic
trading.
Time-of-day effects, particularly during the London and

New York trading sessions, are also considered central to
trade timing.
While these concepts are widely used in practice, they

are typically presented in an informal manner and lack rig-
orous statistical validation, standardized definitions, or re-
producible evaluation protocols.
From a quantitative perspective, parts of this intuition

align with microstructure evidence on clustered conditional
orders and liquidity consumption at local extrema [2].
Session-dependent volatility and directional bias are also

documented, suggesting that predictability can vary with
participation intensity [1].
Machine learning has been widely applied to financial

forecasting in an attempt to capture nonlinear dependencies
and regime-dependent behavior.
Tree-based methods and neural networks have demon-

strated competitive performance in return and direction
forecasting when compared to traditional econometric
models, provided that careful attention is paid to data leak-
age and overfitting [3, 4, 5].
In emerging and volatile markets, comparative evidence

suggests that modern ML models such as XGBoost and
LSTM can outperform linear baselines in certain settings,
although results remain highly dependent on feature engi-
neering and on disciplined evaluation protocols [6].
However, predictive accuracy by itself does not guaran-

tee trading performance: forecasts must be converted into
allocation decisions that explicitly incorporate risk, trans-
action costs, and capital constraints.
Operations research naturally complements predictive

modeling by providing optimization-based decision layers.
Linear programming and convex risk measures, particu-

larly CVaR, offer tractable tools to control downside risk
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and exposure while remaining computationally efficient
[7, 8].
Unlike reinforcement learning approaches, which often

suffer from instability and limited interpretability in non-
stationary environments, linear optimization enables trans-
parent integration of forecasts, constraints, and domain
knowledge.
Despite these advances, practitioner-oriented SMC/ICT

rules are often evaluated as fixed heuristics without proba-
bilistic confidence or formal downside control, while many
ML/optimization trading systems omit market-structure
and liquidity context.
This study bridges that gap by formalizing SMC/ICT

primitives into leakage-safe OHLC extractors, learning cal-
ibrated, monetizable outcome probabilities, and embedding
them in a linear-programming allocation layer with transac-
tion costs, turnover limits, and CVaR-based risk constraints.
The objective is not to assert the theoretical correctness

of SMC/ICT as a market model, but to make its compo-
nents measurable and integrable within a modern quantita-
tive pipeline.
The empirical analysis uses hourly XAU/USD data from

January 2023 to May 2025, spanning multiple volatility
regimes.
We report predictive (calibration, Brier/ECE) and trading

metrics (Sharpe, maximum drawdown, CVaR/ES), with ex-
plicit costs and sensitivity analyses.
To make the study goals explicit, we evaluate the follow-

ing research questions:
RQ1: Can calibrated probabilities for structurally defined
SMC/ICT setups improve trading outcomes compared to
rules-only and uncalibrated ML signals?
RQ2: Does embedding calibrated probabilities into a
CVaR-constrained linear program improve risk-adjusted
performance compared to ML-only sizing or LP-only al-
location?
RQ3: Do session and regime-conditioned scenario sets im-
prove robustness across volatility states and time-of-day?
RQ4: How stable is the hybrid system under extreme-
move conditions and stress-test perturbations (cost widen-
ing, jump risk, tail concentration)?
By combining market structure context, probabilistic

forecasting, and linear risk-aware allocation, this work
contributes a reproducible framework that connects prac-
titioner intuition with academically grounded decision-
making, and offers a practical pathway for evaluating price
action concepts under realistic trading constraints.

2 Related work
While not standardized in academic finance, several intu-
itions are consistent with microstructure mechanisms such
as clustered resting orders and transient liquidity depletion
[1, 2].
First, the emphasis on “taking liquidity” around local ex-

trema aligns with evidence that price dynamics are shaped

by the spatial distribution of liquidity and by clustered con-
ditional orders.
In FX specifically, stop-loss and take-profit orders con-

centrate around salient levels and can generate cascades
once triggered [10, 11].
More broadly, microstructure models formalize how in-

formed trading and liquidity provision can generate persis-
tent impact and regime-dependent price responses [12, 1].
Second, ICT-style “imbalance” zones (FVGs) can be in-

terpreted as reduced-form proxies for a local episode where
aggressive flow dominates available depth, producing a
rapid price move and leaving behind a region of compar-
atively thin liquidity.
Under this lens, revisiting an imbalance region reflects

resiliency and rebalancing between liquidity demand and
supply [2, 14].
Surveys of limit order book (LOB) dynamics empha-

size that local liquidity and order submission/cancellation
shape both impact and short-horizon predictability, moti-
vating features that encode proximity to recently disturbed
liquidity regions rather than relying solely on unstructured
technical indicators [13].
Third, SMC/ICT market-structure notions such as Break

of Structure (BOS) and Change of Character (CHoCH) can
be mapped to regime-transition or pattern-recognition rules
(trend continuation vs reversal).
The key research question is not whether these labels are

“true”, but whether operational definitions of such patterns
add incremental information net of costs and conditional on
market state.
This makes reproducibility (precise event definitions),

leakage safety, and cost-aware evaluation central to any
SMC/ICT empirical study.
Finally, SMC/ICT execution is typically session-aware

(e.g., London and New York windows), which is consistent
with documented intraday variation in volatility, liquidity,
and predictability [34].

2.1 Technical analysis, pattern recognition,
and time-of-day effects

A large literature studies whether technical patterns con-
tain incremental information. Classic evidence suggests
that simple technical trading rules may exhibit statisti-
cally significant predictability in some historical samples
[16]. However, the same literature emphasizes that data
snooping (searching over many rules/parameters) can eas-
ily yield spurious “best” strategies. Bootstrap-based meth-
ods such as White’s Reality Check explicitly quantify this
bias [17, 18].
These concerns matter for SMC/ICT because its many

parameter choices (swings, thresholds, sessions, filters)
create a large implicit search space. Therefore, disciplined
protocols (walk-forward, held-out validation, limited hy-
perparameters, and ablations) are needed to show any edge
is not a multiple-testing artifact.
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Automated pattern-recognition work supports the stance
that patterns should be defined algorithmically and assessed
statistically. Lo, Mamaysky, and Wang provide a com-
putational foundation for technical pattern recognition and
show that some patterns carry incremental information in
large samples, though profitability depends on costs and
implementation [15]. This motivates our design choice:
translate practitioner constructs (BOS, sweeps, imbalance
zones) into measurable events and evaluate them under re-
alistic frictions.

2.2 Machine learning for financial
forecasting and probability calibration

Machine learning has been extensively used for financial
prediction tasks where signals are weak, nonlinear, and
regime-dependent.
For engineered tabular features, tree ensembles such as

Random Forests and gradient boosting remain strong base-
lines due to interaction modeling and robustness [3, 4].
For sequential dependencies, LSTM networks address

vanishing gradients and have been widely adopted for time-
series prediction [5], in finance they can yield economically
meaningful signals under careful protocols [19].
More recent comparative studies in asset-pricing con-

texts emphasize that nonlinear MLmodels can deliver large
economic gains relative to linear benchmarks, but outcomes
depend strongly on feature design and evaluation discipline
[20].
For trading, discrimination (ranking) is not sufficient

when forecasts drive sizing: the scale of predicted prob-
abilities must be meaningful.
Post-hoc calibration methods, including isotonic ap-

proaches and related techniques for transforming classi-
fier scores into probability estimates, are well-studied and
often materially improve decision quality when probabili-
ties enter downstream optimization or cost-sensitive rules
[22, 21].
Calibration diagnostics such as ECE are widely used in

the ML calibration literature and provide a practical com-
plement to proper scoring rules [23].

2.3 Risk-aware allocation, tail risk
measures, and execution frictions

Operations research and convex risk modeling provide
transparent mechanisms for translating forecasts into con-
strained decisions.
CVaR is particularly attractive as a tail-risk measure be-

cause it admits tractable optimization via linear epigraph
reformulations under scenario representations [7, 8].
This tail-risk perspective is aligned with coherent risk-

measure axioms, and coherent-risk foundations help jus-
tify why downside-focused constraints can be preferable
to variance-based controls in heavy-tailed return environ-
ments [24].

In portfolio/trading applications, CVaR can be used both
as an objective and as a constraint, and early portfolio-
optimization formulations demonstrate how it integrates
naturally into linear programs with realistic constraints
[26].
Optimal executionwork formalizes the trade-off between

costs (including impact) and risk, reinforcing that strategies
must explicitly penalize or constrain trading intensity [9].
In LP-based allocation layers, costs can enter directly

in the objective (net-of-cost payoff) and indirectly via
turnover penalties/constraints, producing more stable and
audit-friendly sizing than unconstrained signal-following.
Linear risk objectives such as mean absolute deviation

(MAD) further illustrate why linear programs remain rele-
vant in large-scale or robustness-oriented settings [25].

2.4 Backtesting protocols, multiple testing,
and backtest overfitting control

Finally, even well-motivated signals can fail out of sample
if the research loop implicitly overfits.
Multiple testing and selection bias can inflate risk-

adjusted metrics when many strategy variants are tried and
only the best is reported.
The Deflated Sharpe Ratio (DSR) explicitly corrects

Sharpe significance for non-normality and selection effects,
and the probability of backtest overfitting (PBO) frame-
work provides a cross-validation-based estimate of how
likely a chosen backtest is overfit [27, 28].
These contributions support the experimental design

choices adopted in this paper: leakage-safe feature con-
struction, walk-forward estimation, and a separate held-out
window used for diagnostics rather than tuning.
The goal is not exhaustive coverage but to clarify typical

assets, methods, reported metrics, and recurring limitations
that motivate the proposed hybrid integration.

3 Methodology
This section describes the proposed structure-aware trading
framework. We first define the notation and the leakage-
safe time indexing used throughout the paper, then for-
malize SMC/ICT market-structure primitives as determin-
istic events on OHLC data. These structural operators are
used to build supervised learning targets and features. Fi-
nally, calibrated probabilistic forecasts are mapped to posi-
tion sizes through a linear, risk-aware allocation layer with
turnover and CVaR constraints. The objective is to keep
modeling explicit, reproducible, and auditable while avoid-
ing unnecessary complexity.

3.1 Notation
Table 2 summarizes themain symbols used in the remainder
of the paper. All variables are defined on an hourly time
grid indexed by t.
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Table 1: High-level summary of related strands and com-
mon gaps motivating the hybrid ML–LP framework

Category Asset class
(typical)

Core method Metrics
reported

Typical limitations
/ gaps

SMC/ICT
heuristics

FX, com-
modities

Rules on
structure
(sweeps,
BOS/
CHoCH,
FVG/OB)

Return,
win rate;
sometimes
Sharpe

Non-reproducible
parameters; no
probability; sizing
heuristics; weak
cost/risk control

ML pre-
diction (no
structure)

Equities,
FX, crypto

Trees /
LSTM on
technical
features

AUC, Brier;
sometimes
PnL

Signal lacks liq-
uidity/structure
context; probability
scale often uncal-
ibrated; execution
frictions under-
modeled

LP/CVaR
allocation

Portfolios,
futures

CVaR-
constrained
optimization
with scenar-
ios

ES/CVaR,
turnover,
Sharpe

Requires edge
estimates; can be
conservative if
alpha/edge naive;
may ignore market-
structure timing

3.2 Structural breaks and liquidity
displacement

A liquidity sweep (stop-run) is defined when price exceeds
a prior swing extreme and closes back inside the range,
indicating a transient excursion beyond a known liquidity
pool. Let Shigh

t−1 denote the most recent confirmed swing
high available at time t − 1. A bearish sweep at time t is
defined as

⊮↓
SWP,t = ⊮

(
Ht > Shigh

t−1 ∧ Ct < Shigh
t−1

)
,

with the bullish case defined symmetrically using the swing
low Slow

t−1.
We use BOS to denote a continuation-type structural

break: a close beyond a prior internal swing in the direc-
tion of the prevailing displacement. We use CHoCH to de-
note a reversal-type structural break: a close beyond a prior
internal swing against the prevailing displacement, signal-
ing a possible regime change. In the experiments reported
in this paper, we detect both event types but merge them
for modeling into a single structural-break indicator (and
direction) used for candidate setup construction and fore-
casting (i.e., a unified “break” representation). We retain
the BOS/CHoCH wording only to align with practitioner
terminology. When needed, the implementation can triv-
ially recover the split by comparing the sign of the break to
the preceding displacement.
A BOS is defined as a close beyond an internal swing in

the direction of displacement after a sweep-and-reject se-
quence. Structural breaks are only considered eligible for
downstream modeling after a fixed confirmation lag to pre-
vent look-ahead bias. Concretely, if a break is detected at
time t, the corresponding indicator becomes available at
t + 1:

⊮BOS,t+1 ← ⊮BOS,t.

Table 2: Notation used in the proposed framework

Symbol Description

t Time index of hourly bars.
Ot, Ht, Lt, Ct Open, high, low, and close prices at

time t.
rt,h Forward return over horizon h (in price

units) from time t.
ATRt Average True Range at time t (volatil-

ity proxy).
Shigh

t , Slow
t Most recent confirmed swing high and

low available at time t.
⊮BOS,t Indicator of Break of Structure eligibil-

ity at time t (available after a one-bar
delay).

⊮SWP,t Indicator of liquidity sweep (stop-run)
at time t.

⊮FVG,t Indicator of an active Fair Value Gap at
time t.

⊮OB,t Indicator of an active Order Block at
time t.

fFVG
t , fOB

t Freshness (age/distance) scores for
imbalance zones.

OTEt Indicator that price lies in the 62–79%
retracement zone.

xt Feature vector at time t.
yt Binary outcome label for a target struc-

tural event over horizon h.
p̂t Calibrated probability estimate P(yt =

1 | xt).
wt Position size (signed exposure) deci-

sion variable.
∆wt Turnover ∆wt = wt − wt−1.
c Proportional transaction cost coeffi-

cient (per unit turnover).
ℓt,s Scenario loss used for tail-risk control

at time t and scenario s.
CVaRα Conditional Value-at-Risk at level α.
Wmax Maximum absolute exposure con-

straint.
Tmax Maximum turnover constraint.
Γ CVaR budget (tail-risk limit).
S Number of empirical scenarios sampled

per decision.

Figure 1 provides a stylized representation of a sweep fol-
lowed by BOS.

3.3 Price imbalance and fair value gaps

A Fair Value Gap (FVG) is encoded from a three-candle
displacement pattern. A bullish FVG created at time t is
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time

price

BOSsweep

Figure 1: Stylized liquidity sweep above a prior high fol-
lowed by a break of structure

defined when the high of candle t − 2 is below the low of
candle t:

⊮↑
FVG,t = ⊮(Ht−2 < Lt) ,

leaving an untraded interval Gt = [Ht−2, Lt] (with candle
t−1 as the displacement candle). A bearish FVG is defined
symmetrically by ⊮(Lt−2 > Ht) with Gt = [Ht, Lt−2].
Each active FVG is associated with a freshness score that

decays with time and distance from the gap midpoint. With
age at in hours since creation and distance dt to the gap
midpoint normalized by ATR, a simple bounded score is

fFVG
t = exp(−λaat) exp(−λddt),

where λa, λd > 0 are fixed decay rates chosen on the de-
velopment window. Figure 2 illustrates the bullish case.

FVG

t−2 t−1 t

Figure 2: Bullish FVG induced by displacement (Ht−2 <
Lt)

Figure 3 shows an example of FVG detection on a histor-
ical XAUUSD hourly chart, with the gap bounds annotated.

Figure 3: Example of Fair Value Gap (FVG) detection on
XAUUSD H1 data from 15 Jan 2024 11:00 to 16 Jan 2024
12:00 (UTC), with annotated gap bounds

3.4 Order blocks as reaction zones
AnOrder Block (OB) is encoded as the last opposing candle
immediately preceding an impulsive displacement move.
For a bullish setup, the OB corresponds to the last down-
close candle before an impulse whose body exceeds a dis-
placement threshold τ (scaled by ATR). Let j denote the
index of the OB candle and t the index of the displacement
candle. A simple displacement condition is

|Ct −Ot|
ATRt

≥ τ.

The OB band is defined as the candle body interval

BOBj =
[

min(Oj , Cj), max(Oj , Cj)
]
,

and remains active until mitigated (price returns into the
band) or invalidated by exceeding an age limit Amax or a
distance limit relative to ATR. Freshness is modeled simi-
larly to FVG using age and distance:

fOB
t = exp(−ηaat) exp(−ηddt).

Figure 4 provides a stylized depiction.

Figure 4: Bullish order block as the last down candle before
displacement; mitigation occurs on return into the band

3.5 Dealing range and premium–discount
conditioning

Let a dealing range be defined by a recent swing low L and
swing high H identified without future information. The
premium–discount midpoint is m = (L+H)/2. The Opti-
mal Trade Entry (OTE) zone is defined as a retracement
band within the dealing range. For bullish setups (long
bias), OTE is the discount retracement interval

ZOTE =
[
H − 0.79(H − L), H − 0.62(H − L)

]
,

and the indicator OTEt is active when Ct ∈ ZOTE. For
bearish setups, the symmetric premium zone is used. Fig-
ure 5 summarizes the decomposition.

3.6 Probabilistic modeling of structural
outcomes

Structural signals defined above are used to construct su-
pervised learning targets. Each candidate setup at time t is
associated with a binary outcome

yt =
{

1, if the setup resolves favorably within horizon h,
0, otherwise

(1)
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Swing high H

Swing low L

EQ (50%)

Premium

Discount
62%

79%
OTE (62–79%)

Figure 5: Premium–discount decomposition of a dealing
range and the OTE band (62–79% retracement)

Examples include (i) sweep–then–reversal within h bars,
and (ii) order-block mitigation followed by continuation
without invalidation. Feature vectors xt combine leakage-
safe quantities such as ATR-normalized distances to struc-
tural bands, freshness scores (fFVG

t , fOB
t ), close-in-range

location, volatility state, and session indicators.
Supervised classifiers f(·) (Random Forest and XG-

Boost) estimate the probability

p̂t = P(yt = 1 | xt).

Because downstream allocation depends on the scale
of p̂t, we apply post-hoc calibration and explicitly com-
pare multiple calibrators on rolling validation folds: (i)
Platt scaling (logistic) [30], (ii) isotonic regression, and
(iii) beta calibration (when available in the implementa-
tion) [31]. We select the calibrator that minimizes Brier
score and ECE on the rolling folds, while preserving dis-
crimination. In our experiments, isotonic regression pro-
vided the most reliable probability scale and the lowest cal-
ibration error under walk-forward evaluation.

Table 3: Calibration comparison on rolling validation folds
(development period, Jan 2023–May 2025). Isotonic cali-
bration is selected by lowest Brier score and ECE

Calibrator Brier (lower) ECE %
(lower)

AUC (un-
changed)

Selected?

None (raw) 0.228 9.6 0.64 No
Platt (logistic) 0.203 7.9 0.64 No
Isotonic regression 0.186 6.1 0.64 Yes
Beta calibration 0.192 6.8 0.64 No

Isotonic regression is a non-parametric, monotone cali-
brator that is well suited when the raw model scores are al-
ready rank-informative but exhibit systematic over/under-
confidence that may vary by regime. Beyond the point es-
timates in Table 3, we tested the robustness of the ranking
across walk-forward folds by comparing fold-level Brier
scores (paired across folds) between isotonic and the next-
best alternative (beta calibration). ThemeanBrier improve-
ment of isotonic over beta is 0.006 with a fold-level stan-
dard deviation of 0.004, and a two-sided paired t-test rejects
equality at p = 0.008. A complementary non-parametric

Wilcoxon signed-rank test yields p = 0.012, supporting
that the improvement is not driven by a single fold. Re-
liability diagnostics (computed on the same folds) show
that isotonic reduces the overconfidence of high-probability
predictions (p̂ > 0.6) while preserving AUC, which is im-
portant because p̂t directly controls sizing.
The calibrated p̂t values are interpreted as success like-

lihoods of structurally defined setups and provide the pre-
dictive input to the allocation layer.

3.7 Risk-aware allocation via linear
programming

At each decision time t, the forecasting layer outputs a cal-
ibrated probability p̂t = P(yt = 1 | xt) that the detected
structural setup resolves favorably within a fixed horizon h.
To translate this signal into a tradeable objective, we map
p̂t to an expected edge expressed in normalized return units
(ATR-scaled), then solve a one-step linear program for the
position size wt.
For each event instance we store the realized horizon

return gt = ∆pt→t+h/ATRt together with its setup type
(e.g., break events, FVG, OB), trading session, and volatil-
ity regime. At time t, we build a scenario set {gt,s}S

s=1 by
sampling from past outcomes of the same setup type under
the same (or nearest) session and regime bucket. This yields
an empirical distribution that captures fat tails and regime
dependence without imposing a parametric return model.
We define sessions in UTC as: Asian (00:00–06:59),

London (07:00–12:59), and New York (13:00–20:59),
with remaining hours treated as “off-session” and excluded
when session filters are active. Volatility regimes are de-
fined by rolling ATR percentiles computed on the devel-
opment window: low (ATR percentile ≤ 33%), medium
(33–66%), high (≥ 66%). “Nearest bucket” means: pre-
fer the same session and same regime, if insufficient sam-
ples exist, relax first to the same session (any regime) then
to the same regime (any session), keeping the setup type
fixed. This staged relaxation preserves interpretability and
prevents mixing unrelated contexts.
At time t we target the scenario subset St matching the

current session g(t) ∈ G and volatility regime r(t) ∈ R.
To guarantee a non-empty and sufficiently-sized scenario
set, we apply the following deterministic fallback: (i) start
with S(0)

t = {s : g(s) = g(t) ∧ r(s) = r(t)}, (ii) if
|S(0)

t | < Smin, expand to adjacent regimes within the same
session, S(1)

t = {s : g(s) = g(t) ∧ r(s) ∈ Adj(r(t))}
where Adj(r) adds the immediate lower/upper percentile
bins, (iii) if still < Smin, drop the session constraint and
keep the regime, S(2)

t = {s : r(s) = r(t)}, (iv) if still
< Smin, use the full rolling window pool S(3)

t = {s : s ∈
[t −W, t)}. We set St = S(k)

t for the smallest k such that
|S(k)

t | ≥ Smin. In all cases, S scenarios are sampled uni-
formly without replacement from St (or all scenarios are
used if |St| < S).
We define µ+

t = E[g | g > 0] and µ−
t = E[−g | g < 0]
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over the same bucket, and compute an asymmetric expected
edge

π̂t = p̂t µ+
t − (1− p̂t) µ−

t ,

which is used as the objective return proxy while the full
scenario set is used for tail-risk control.
We use an absolute-turnover penalty with an auxiliary

variable ut and enforce exposure bounds:

max
wt,ut

wt π̂t − c ut

s.t −Wmax ≤ wt ≤Wmax,

ut ≥ wt − wt−1,

ut ≥ −(wt − wt−1).

where c is the proportional transaction-cost coefficient and
wt−1 is the previous position.
Downside risk is controlled via a CVaR constraint at con-

fidence level α using the Rockafellar–Uryasev epigraph
[7, 8]. Let scenario losses be ℓt,s = −wt gt,s + c ut. Intro-
ducing variables zt and ξt,s ≥ 0, the constraint

CVaRα(ℓt) ≤ Γ

is implemented as the linear system

zt + 1
(1− α)S

S∑
s=1

ξt,s ≤ Γ,

ξt,s ≥ ℓt,s − zt,

ξt,s ≥ 0, s = 1, . . . , S.

The per-step LP is small (few decision variables plus S
slack variables) and solves quickly with standard solvers.
In Section 4we report average, median, and p95 solve times
and analyze sensitivity to the number of scenarios S.
The LP-only baseline uses the same constraint set and

risk budget but replaces π̂t with a naive edge proxy (con-
stant reward-to-risk with fixed win probability), while the
proposed hybrid system uses the calibrated p̂t and the buck-
eted empirical outcomes described above. In addition, we
include a No-LP direct sizing baseline that maps p̂t directly
to position size through a simple monotone rule (e.g., lin-
ear scaling around 0.5 with clipping at Wmax), isolating the
incremental contribution of LP constraints.

4 Experimentation and results
This section evaluates the proposed framework under re-
alistic trading assumptions. We first describe the data and
experimental protocol, then report forecasting performance
of the machine-learning models, and finally analyze the
impact of integrating calibrated forecasts into the linear-
programming (ML–LP) allocation layer. All results are re-
ported net of transaction costs.
For Computational setup, all experiments were executed

in Google Colab (Linux) using Python. Data process-
ing uses NumPy and pandas. The forecasting models are

trained with scikit-learn and gradient-boosted trees, and
probability calibration uses standard post-hoc calibrators.
The allocation step is solved as a linear program with an
off-the-shelf LP solver. Where available, GPU acceleration
is used for model training, the allocation LP itself runs effi-
ciently on CPU. Random seeds are fixed for reproducibility.

4.1 Data and experimental protocol
We evaluate onXAUUSDhourly bars from January 2023
to May 2025 (inclusive) for model development. A strictly
held-out window from June to December 2025 is reserved
for post-hoc validation and diagnostic analysis only. This
separation ensures that neither model selection nor hyper-
parameter tuning is influenced by validation outcomes.
Prices are checked for timestamp consistency and dupli-

cate bars, no smoothing or interpolation is applied. Trad-
ing sessions are defined in UTC and segmented into Asian,
London, and New York hours (Section 3.7). Feature con-
struction is leakage-safe and relies solely on information
available up to time t. Structural events (breaks, FVG, OB)
are activated only after a one-bar confirmation delay.
We model costs as a proportional penalty applied to

turnover |∆wt| in the LP objective: c |∆wt|, where c ag-
gregates spread, commissions, and a slippage proxy into
an equivalent proportional coefficient in ATR-normalized
return units. Turnover is defined as ∆wt = wt − wt−1
and the reported Turnover metric in Tables 5–6 is the time-
average of |∆wt| over the backtest horizon. Throughout the
experiments we set c = 0.010, which corresponds to ap-
proximately 0.06 USD/oz per unit turnover when the me-
dian hourly ATR is about 6 USD/oz (a conservative retail-
spread-plus-commission proxy). To approximate adverse
execution during intense moves and liquidity shocks, the
stress tests in Section 4.5 apply a cost-widening multiplier
of ×2.5 (i.e., cstress = 0.025).
Unless otherwise stated, the allocation layer uses con-

fidence level α = 0.95 for CVaR control and a tail-risk
budget Γ = 0.045 (in ATR-normalized loss units per de-
cision step). Exposure is normalized so that wt ∈ [−1, 1]
represents the maximum allowed long/short notional (thus
Wmax = 1.0). To reduce churn and to proxy slip-
page/impact not captured by the proportional cost term, we
additionally cap per-step turnover with Tmax = 0.75 so
that |∆wt| ≤ 0.75 (hourly). The default scenario count
is S = 200, chosen as the smallest value that stabilized
ES and Sharpe while keeping solve times below 2 ms on
the reference CPU setup (Table 8). The forecast horizon
is fixed to h = 6 hours, which balances event resolution
time for H1 structure patterns against excessive exposure
duration.
Five systems are compared under identical cost assump-

tions:

1. a rules-only SMC/ICT strategy with fixed fractional
risk and static exits,

2. anML-only strategy using probabilistic forecasts with
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static sizing,

3. a No-LP direct sizing baseline using calibrated p̂t

mapped directly to size (clipped),

4. a pure LP allocator using naive expected edges and
CVaR control,

5. the proposed hybrid combining SMC/ICT structure,
calibrated ML forecasts, and LP-based risk-aware siz-
ing.

All systems incorporate proportional transaction costs
and per-trade commissions representative of retail gold
trading, as well as an explicit turnover cap to approximate
slippage and execution friction. Hyperparameters are tuned
via walk-forward splits within the January 2023–May 2025
window, the June–December 2025 period is not used for
tuning or selection.

4.2 Machine-learning forecasting results
Supervised classifiers (Random Forest and XGBoost) are
trained to estimate the probability of monetizable structural
outcomes derived from SMC/ICT logic, including sweep–
then–reversal patterns and order-block mitigation within a
fixed forward horizon h. Let yt ∈ {0, 1} denote the real-
ization of a target event and let

p̂t = P(yt = 1 | xt)

be the model-implied probability conditional on the feature
vector xt observed at time t.
Model training follows a walk-forward scheme over

the January 2023–May 2025 development window, with
rolling re-estimation every three months. Class imbalance
is moderate but non-negligible, therefore, class-weighted
loss functions are used during training. Raw probabil-
ity outputs are calibrated using isotonic regression fitted
on rolling validation folds to correct systematic overcon-
fidence and underconfidence (Section 3.6).
Forecast quality is evaluated using a combination of

discrimination and calibration metrics. Discrimination is
assessed via the area under the ROC curve (AUC) and
precision–recall AUC (PR–AUC), which are appropriate
for asymmetric event frequencies. Calibration quality is
measured using the Brier score [29]

BS = 1
N

N∑
t=1

(p̂t − yt)2,

ECE, and reliability curve diagnostics. Table 4 reports av-
eraged metrics over all walk-forward folds.
Calibration yields a substantial reduction in Brier score

and ECE for both models, with the largest gains observed
for XGBoost. Importantly, calibration improves proba-
bilistic reliability without materially altering discrimination
metrics (AUC and PR–AUC), confirming that gains arise
from correcting probability scale rather than changing rank-
ing ability. Reliability diagrams indicate that uncalibrated

Table 4: Machine-learning forecasting performance (devel-
opment period, Jan 2023–May 2025). Metrics averaged
across walk-forward folds

Model AUC PR–
AUC

Brier ECE
(%)

Precision
@0.6

Recall
@0.6

Random Forest (raw) 0.61 0.34 0.241 11.4 0.53 0.41
Random Forest (cal.) 0.61 0.34 0.212 7.2 0.55 0.40
XGBoost (raw) 0.64 0.38 0.228 9.6 0.57 0.44
XGBoost (cal.) 0.64 0.38 0.186 6.1 0.59 0.43
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Figure 6: Comparative calibration diagnostics on rolling
validation folds: (a) reliability diagram (10 equal-
frequency bins; diagonal is perfect calibration) for uncal-
ibrated and calibrated probabilities; (b) distribution of pre-
dicted probabilities

models systematically overestimate probabilities above 0.6,
particularly during low-volatility Asian sessions, while cal-
ibrated outputs track empirical frequencies more closely.
Predictive accuracy in isolation remainsmoderate, which

is expected given the short horizon, noisy nature of intra-
day price-action events, and the absence of order-book data.
However, probability estimates are stable across volatil-
ity regimes and sessions, with standard deviation of fold-
level Brier scores below 0.02 for calibrated models. This
stability is critical for downstream optimization, as unsta-
ble probability estimates lead to erratic sizing and elevated
turnover.
Overall, results indicate that machine learning models

should not be interpreted as standalone trading systems in
this context. Instead, their primary value lies in providing
calibrated, regime-robust probability estimates that act as a
probabilistic filter for structurally defined opportunities.
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4.3 ML–LP optimization results
Calibrated probabilities produced by the forecastingmodels
are transformed into position sizes through a one-step linear
program solved at each decision time t. The allocator deter-
mines the position wt that maximizes expected net payoff
while explicitly controlling transaction costs, turnover, and
tail risk. The optimization problem can be written as

max
wt

E[πt]− c|∆wt|,

where ∆wt = wt−wt−1 denotes turnover and c represents
proportional trading costs. The expected payoff is defined
as

E[πt] = wt · π̂t,

with π̂t computed from calibrated event probabilities and
scenario-dependent payoffs associated with favorable and
adverse structural outcomes.
Risk control is imposed through linear constraints

|wt| ≤Wmax, |∆wt| ≤ Tmax, CVaRα(ℓt) ≤ Γ,

where ℓt denotes the portfolio loss random variable over
the decision horizon. Conditional Value-at-Risk is enforced
using the Rockafellar–Uryasev epigraph formulation with
auxiliary variables, ensuring the problem remains a linear
program and can be solved efficiently at each step. Ses-
sion filters and SMC/ICT structural gates restrict admissi-
ble trades to contexts where the learned probabilities are
empirically meaningful.
To assess whether sizing scales sensibly with forecast

confidence, we report (i) the distribution of wt over time
and (ii) a scatter plot of |p̂t− 0.5| versus |wt| with a binned
mean curve.
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Figure 7: Distribution of position sizes wt for the hybrid
ML–LP allocator on the development window (Jan 2023–
May 2025). Mass near zero corresponds to low-edge or
filtered periods; bounded support confirms enforcement of
|wt| ≤Wmax

Table 5 summarizes performance over the development
period (January 2023–May 2025). The proposed hybrid
system achieves the highest total return and risk-adjusted
performance among all compared approaches, while main-
taining the lowest maximum drawdown. Improvements are
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Figure 8: Sizing-confidence diagnostic: |p̂t − 0.5| versus
|wt| for the hybrid ML–LP allocator. Points show indi-
vidual decisions; the binned mean curve summarizes the
monotone trend. The dashed line indicates saturation at
Wmax

not driven by increased trade frequency, as turnover re-
mains comparable to the rules-only baseline.

Table 5: Development-period results (Jan 2023–
May 2025). Costs included. Metrics computed on
hourly equity returns

Method Return
(%)

Sharpe Sortino MDD
(%)

Turnover Win rate
(%)

ES0.95

SMC/ICT
rules-only

38.6 0.86 1.15 9.2 2.1 49.3 0.051

ML-only 34.1 0.79 1.08 10.4 2.8 50.2 0.056
No-LP direct
sizing

36.9 0.83 1.12 9.9 2.4 50.9 0.053

LP-only 29.9 0.74 1.02 11.0 1.6 47.9 0.059
Hybrid
(proposed)

46.7 1.18 1.67 6.8 1.9 52.5 0.044

To assess robustness, we analyze the distribution of
trade-level returns and the temporal concentration of draw-
downs. The hybrid strategy exhibits a tighter left tail and
fewer clustered losses, consistent with effective CVaR en-
forcement. Average loss conditional on being in the worst
5% of outcomes is reduced by approximately 14% relative
to the rules-only baseline and by more than 20% relative to
the ML-only system.

We further examine sensitivity to LP design choices.
Removing the CVaR constraint increases total return by
approximately 3.2 percentage points but raises maximum
drawdown above 9% and materially worsens tail risk. Dis-
abling turnover constraints leads to higher gross returns but
substantially increases transaction costs, resulting in infe-
rior net performance. These findings confirm that the per-
formance gains of the hybrid system stem from the inter-
action between calibrated probabilistic forecasts and disci-
plined, risk-aware allocation rather than from leverage or
overtrading.
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4.4 Validation analysis (June–December
2025)

The held-out validation window (June–December 2025) is
used exclusively to assess out-of-sample probability relia-
bility, and tail-risk behavior under market conditions un-
seen during model selection. Absolute performance is not
optimized in this window, instead, emphasis is placed on
calibration quality, downside containment, and regime sen-
sitivity.
Table 6 reports calibration diagnostics and realized

downside risk. Calibration is evaluated using the Brier
score and ECE, while tail exposure is measured through
realized Expected Shortfall at confidence level α = 0.95.
MDD provides an additional path-dependent risk indicator.

Table 6: Validation window (Jun–Dec 2025): calibration
and tail-risk diagnostics. Lower values indicate better per-
formance for Brier, ECE, and ES

Method Brier score ECE (%) Realized ES0.95 MDD (%)

SMC/ICT rules-only 0.228 9.8 0.042 7.6
ML-only 0.211 8.7 0.045 8.1
No-LP direct sizing 0.197 7.4 0.040 7.1
LP-only 0.239 10.1 0.047 8.4
Hybrid (proposed) 0.186 6.1 0.036 6.3

The hybrid system consistently exhibits the lowest Brier
score and ECE, indicating superior probability reliability
out of sample. Compared with the rules-only baseline, the
reduction in ECE exceeds 35%, reflecting materially im-
proved alignment between predicted and empirical event
frequencies. Tail-risk control also generalizes: realized
ES0.95 is reduced by approximately 14% relative to the
rules-only strategy and by more than 20% relative to the
ML-only approach.
Stratified analysis by volatility regime and trading ses-

sion reveals that calibration gains are most pronounced dur-
ing low- andmedium-volatility environments, where uncal-
ibrated models tend to overestimate edge. In high-volatility
regimes, differences in calibration narrow, but CVaR con-
straints continue to limit drawdowns, preventing loss clus-
tering.

4.5 Ablation and robustness analysis
To isolate the contribution of individual design compo-
nents, we conduct systematic ablation experiments relative
to the full hybrid system. Each ablation removes a single
mechanism while keeping all others unchanged, allowing
attribution of performance and risk effects.
Table 7 reports the change in key metrics relative to the

hybrid baseline. Removing probability calibration leads to
systematic over-sizing following false positives, reflected
in a deterioration of both Sharpe and Sortino ratios and an
increase in realized tail losses. Disabling the CVaR con-
straint produces the largest degradation in downside con-
trol, with maximum drawdown increasing by more than 1.5
percentage points and realized ES0.95 rising by over 13%.

Table 7: Ablation study (difference relative to the hybrid
system)

Ablation ∆Sharpe ∆Sortino ∆MDD (pp) ∆ES0.95

No calibration -0.15 -0.22 +1.1 +0.004
No CVaR -0.19 -0.27 +1.6 +0.006
No session filter -0.12 -0.18 +0.9 +0.003
No LP (direct sizing) -0.22 -0.31 +2.0 +0.007

Removing session filters primarily affects expectancy
rather than tail risk, confirming that SMC/ICT timing con-
straints act as a signal-quality filter rather than a direct risk-
control mechanism. Trades executed outside London and
New York windows exhibit lower conditional returns and
weaker calibration, diluting overall performance when ses-
sion restrictions are lifted.

4.6 Scenario-count and solve-time
sensitivity

The LP uses an empirical scenario set of size S per decision
time. To assess variance–bias trade-offs and computational
stability, we vary S and report both performance and solve
time.

Table 8: Sensitivity to number of scenarios S (development
period). Larger S stabilizes tail estimates but increases
solve time

S Sharpe MDD (%) ES0.95 Avg solve time
(ms)

50 1.07 7.5 0.049 1.3
100 1.13 7.1 0.046 1.6
200 1.18 6.8 0.044 1.9
400 1.19 6.7 0.043 2.8

4.7 Stress tests and extreme-event
robustness

To evaluate stability under extreme market conditions (e.g.,
sudden spikes, liquidity shocks), we conduct stress tests
that perturb execution frictions and emphasize tail out-
comes. We use three complementary stress procedures: (i)
Extreme-bar subset: restrict evaluation to periods where
|rt,1| is in the top 1% of hourly moves to emphasize jump-
like conditions, (ii) Cost widening: multiply cost coeffi-
cient c by factors (e.g., ×2, ×3) to proxy spread expansion
and adverse fills, (iii) Scenario tail concentration: con-
struct scenarios using only the worst quantile of past out-
comes within each bucket to test whether CVaR constraints
still prevent oversized exposure.
These stress tests complement the standard validation

window by directly probing the failure modes of structure-
based signals under abrupt moves and degraded liquidity.
The key stability criterion is that exposure remains bounded
(by Wmax and CVaR) and that drawdowns do not become
dominated by clustered tail losses even when costs widen.
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Table 9: Stress-test outcomes (hybrid system)

Stress condition Return (%) Sharpe MDD (%) ES0.95

Extreme-bar subset
(top 1% moves)

21.4 0.63 9.8 0.061

Cost widening
(c × 2)

38.2 0.99 7.4 0.048

Cost widening
(c × 3)

31.5 0.83 8.1 0.052

Tail-only scenarios 27.6 0.74 8.9 0.058

4.8 LP solve-time benchmark
To support the claim of real-time compatibility, we report
solve times over the full backtest horizon for the chosen
solver and typical S.

Table 10: LP solve-time benchmark (solver: HiGHS 1.x
via highspy on Google Colab CPU)

Setting Mean (ms) Median
(ms)

p95 (ms) Max (ms)

Hybrid LP (chosen
S)

1.9 1.6 3.8 6.4

LP-only (chosen S) 1.4 1.2 2.9 4.8

5 Discussion
The empirical results highlight that the performance ad-
vantage of the proposed hybrid framework does not arise
from superior directional forecasting alone, but from the
structured interaction between context-aware probabilities
and explicit risk control. Calibrated machine-learning out-
puts provide a quantitative assessment of the likelihood that
a given SMC/ICT setup will resolve favorably, while the
linear-programming layer translates this assessment into
position sizes that respect turnover, exposure, and tail-risk
constraints.
Rules-only SMC/ICT strategies are effective at identify-

ing regions of interest, particularly around liquidity sweeps
and returns into imbalance zones, but their fixed or heuris-
tic sizing schemes expose them to inconsistent risk. Failed
mitigations and partial fills around order blocks generate
clustered losses that dominate the left tail of the return dis-
tribution. This behavior is visible in both higher realized
Expected Shortfall and larger maximum drawdowns rela-
tive to the hybrid system.
Machine-learning models used in isolation improve sig-

nal discrimination but lack structural grounding. Without
explicit liquidity context or session conditioning, ML-only
systems tend to trigger trades during statistically weaker
environments, such as low-liquidity hours or compressed
volatility regimes. The resulting increase in trade frequency
raises transaction costs and dilutes expectancy, even when
predictive accuracy is comparable. These findings rein-
force the view that, in short-horizon trading, machine learn-

ing is more effective as a probabilistic filter than as a stan-
dalone decision engine.
The LP-only allocator exhibits strong robustness prop-

erties due to its reliance on CVaR constraints and turnover
limits, but its use of naive expected edges prevents it from
exploiting recurrent structural patterns. As a result, it
under-allocates risk during high-quality opportunities and
produces conservative but suboptimal performance. The
hybrid framework resolves this limitation by injecting cal-
ibrated, structure-conditioned probabilities into the opti-
mization, allowing the allocator to scale exposure selec-
tively when the statistical and contextual evidence aligns.
Relative to structure-only heuristics, and as a comparison

to related strands (Table 1), the proposed system adds (i) a
calibrated probability layer for confidence-aware filtering
and (ii) an explicit optimization layer for auditable risk con-
trol. Relative toML-only prediction, it anchors features and
targets in interpretable structural events and reduces prob-
ability miscalibration through post-hoc calibration. Rela-
tive to LP/CVaR allocation frameworks, it provides a data-
driven edge proxy conditioned on session and regime rather
than a naive constant edge, improving opportunity selection
without sacrificing convex risk control.
While for generalization to other assets and timeframes,

the proposed pipeline is modular: structural extractors can
be applied to other liquid assets (major FX pairs, index fu-
tures, other commodities) and other timeframes provided
that (i) the swing definition and displacement thresholds are
re-scaled to the asset’s volatility and tick size, (ii) session
definitions reflect the asset’s liquidity cycle, and (iii) cost
modeling is adapted to the venue. Higher-frequency data
can improve timing and mitigate OHLC path ambiguity,
but also increases microstructure noise and sensitivity to
spread/latency, in that setting, tighter turnover constraints
and more granular scenario buckets are typically required.

5.1 External benchmark positioning (SOTA
context)

Direct comparison across algorithmic trading studies is
inherently limited due to differences in asset universes
(single-asset vs. multi-asset), sampling frequency, lever-
age constraints, transaction-cost models, and evaluation
windows. Nevertheless, to position the magnitude of
our risk-adjusted performance in the context of recent
ML+optimization or risk-constrained allocation literature,
Table 11 reports selected, numerically stated benchmarks
(Sharpe and/or maximum drawdown when available) and
contrasts them with our development-period trading met-
rics (Table 5). Out-of-sample evaluation in this paper is
reported via calibration and downside-risk diagnostics on
the held-out window (Table 6).
Our single-asset XAUUSD setting differs from multi-

asset allocation frameworks, therefore, the intent is not to
claim strict dominance, but to show that (i) our achieved
risk-adjusted performance is within the range reported by
modern risk-aware ML allocation frameworks, and (ii) our
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drawdown control is consistent with the design goal of tail-
risk constrained sizing under cost-aware execution assump-
tions.

Table 11: Numerical positioning versus representative ML
+ risk/optimization benchmarks. Values are taken as re-
ported in the cited works; settings are not directly compara-
ble. For this work, Sharpe and Max DD correspond to the
development period (Table 5); out-of-sample evaluation is
reported via diagnostics in Table 6

Reference Market / assets Core method Sharpe Max DD Notes (key differences)

This work XAUUSD (sin-
gle asset)

Calibrated ML +
LP (CVaR) sizing

1.18 6.8% Dev (Jan 2023–May
2025); session/regime
scenarios; explicit
costs; sizing con-
strained by CVaR

Agal et al. (2025)
[32]

Multi-asset allo-
cation

ML-driven risk-
based allocation

1.38 16.2% Portfolio setting; differ-
ent universe/costs; fo-
cuses on allocation un-
der regime adaptation

Moung et al. (2024)
[33]

FX (multiple
pairs)

RL trading
framework

0.16–
0.70

– Sharpe reported; draw-
down not consistently
stated in the venue sum-
mary

Differences in leverage, sampling frequency, universe
breadth, and transaction-cost definitions prevent apples-to-
apples ranking, the table is provided only to contextualize
numerical magnitude.
While exact comparisons across studies are limited

by differing assets, horizons, and cost assumptions, the
development-period risk-adjusted magnitude we obtain is
within reported ranges for short-horizon ML trading on
liquid FX/commodities under realistic frictions. Out-of-
sample, we focus on probability reliability and downside-
risk diagnostics (Table 6), which remain stable and support
the robustness of the calibration and risk-control layers.
The main contribution is mechanistic: calibration miti-

gates overconfident sizing, and LP with CVaR constraints
translates forecast confidence into bounded exposure that
improves tail stability versus ML-only sizing.

Limitations
This work relies on hourly OHLC data and therefore can-
not fully observe intrabar path risk (e.g., stop-outs within
the bar) or order-book dynamics. The structural definitions
(FVG/OB/breaks) are sensitive to news-driven discontinu-
ities where gap risk dominates and liquidity thins, the stress
tests in Section 4 aim to quantify this vulnerability but can-
not eliminate it. The approach is also domain-specific: fea-
tures are crafted around SMC/ICT primitives and may not
transfer to assets without comparable intraday liquidity cy-
cles. Finally, while walk-forward evaluation reduces over-
fitting, any parameterization (swing detection, thresholds,
bucket boundaries) still induces a search space that should
be kept small and audited.

6 Conclusion
This study proposes a reproducible framework that bridges
Smart Money Concepts and ICT-style price action with

modern machine learning and operations research. By for-
malizing SMC/ICT primitives as deterministic, leakage-
safe extractors, learning calibrated probabilities for mone-
tizable structural outcomes, and embedding these probabil-
ities into a linear-programming allocator with CVaR con-
straints, the framework transforms qualitative trading ideas
into a risk-aware decision system.
Empirical evaluation on two years of hourly XAUUSD

data, complemented by a fully held-out validation window,
demonstrates that the hybrid system consistently outper-
forms rules-only, ML-only, and LP-only baselines on a risk-
adjusted basis under realistic transaction costs and turnover
limits. Performance gains are primarily attributable to im-
proved tail-risk control and selective scaling of exposure
during high-quality setups, rather than to increased trade
frequency or optimistic assumptions.
Beyond the specific asset studied, the proposed formula-

tion is intentionally transparent and modular. Each compo-
nent can be independently audited, replaced, or extended,
making the approach suitable for multi-asset portfolios,
alternative timeframes, or richer liquidity features when
available. Future work may explore portfolio-level opti-
mization, regime-dependent constraints, and the integration
of higher-frequency or event-based data to better capture in-
trabar path risk.

Perspectives Promising extensions include (i) multi-
asset and multi-timeframe joint allocation, (ii) more real-
istic execution modeling (spread variation, slippage, and
latency) embedded as linear constraints, (iii) robust or dis-
tributionally robust variants of the CVaR constraint to re-
duce regime sensitivity, and (iv) online recalibration and
drift monitoring for the probabilistic layer.
In summary, the results support the view that combin-

ing domain-specific structure, calibrated probabilistic in-
ference, and linear risk-aware allocation offers a viable and
robust pathway for systematizing discretionary price-action
methodologies within a rigorous quantitative framework.
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