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Abstract: Recent research has explored reinforcement learning (RL) for optimal trade execution because learning-based policies can
adapt execution decisions throughout the liquidation horizon rather than following a predetermined schedule. However, implemen-
tation shortfall depends not only on execution decisions but also on realized intraday price paths, stochastic training effects, and
the composition of the out-of-sample evaluation set. This study reassesses the performance of RL-based execution policies against
Time-Weighted Average Price (TWAP) using a microstructure-aware simulation framework and a statistically controlled evaluation
protocol. All strategies are evaluated on identical fixed out-of-sample intraday price paths, enabling paired comparisons that separate
execution effects from market drift. Transaction costs are modeled explicitly, and robustness is assessed across multiple training seeds.
Unconstrained RL policies frequently generate unstable liquidation schedules and fail to provide reliable improvements over TWAP.
To address this instability, this study introduces a residual formulation in which the learning agent makes bounded adjustments around
the TWAP schedule. The residual constraint eliminates extreme execution patterns and improves policy stability and interpretability.
Across up to 1,000 test episodes, residual RL remains close to TWAP performance without achieving statistically reliable improve-
ments. A drift—friction decomposition further shows that realized price movements dominate outcome variability, while frictional costs

remain broadly similar across strategies.
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1. Introduction

Large orders are seldom executed as a single trade. A one-
shot execution can consume visible depth, widen the effective
spread, and reveal information about the trader’s intentions.
In practice, parent orders are split into smaller child orders
and executed over a pre-specified horizon. The resulting execu-
tion schedule determines how the trader balances inventory risk
against transaction costs. Executing early reduces exposure to
future price movements but typically increases spread and market
impact costs, while slower execution reduces immediate pres-
sure on the order book at the expense of prolonged exposure.
Implementation shortfall (IS) provides a natural measure of this
trade-off by comparing the value of the order at the arrival price
with the realized execution proceeds [1].

Optimal execution has traditionally been studied within
model-based frameworks that combine market microstructure,
transaction costs, and inventory risk. Comprehensive treatments
such as Cartea et al. [2] formulate execution as a stochastic con-
trol problem, where trading decisions are taken under explicit
assumptions about market impact and liquidity. More recent
work extends this perspective by introducing time-varying liquid-
ity and stochastic impact, leading to execution policies that adapt
to evolving market conditions rather than relying on static cost
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specifications [3]. These models not only highlight the importance
of explicitly modeling market frictions but also rely on simpli-
fying assumptions that may not fully capture the complexity of
intraday trading.

In real markets, liquidity is highly dynamic, prices are dis-
crete, and volatility and order-book conditions fluctuate over
short horizons. At the same time, empirical evidence suggests that
short-term price predictability is weak, so that improvements in
performance are more likely to come from execution quality than
from directional forecasting [4]. This motivates the search for more
flexible approaches that can adapt to complex market conditions
without relying on explicit parametric models.

Reinforcement learning (RL) offers one such approach. By
framing execution as a sequential decision problem, RL meth-
ods allow policies to adapt dynamically to the observed market
state. Recent studies report that RL-based execution rules can
outperform simple benchmarks such as Time-Weighted Average
Price (TWAP) or analytically derived schedules in simulated or
empirical settings [5-8]. These results have generated interest in
data-driven execution policies that can adjust trading behavior in
real time.

However, these findings raise an important methodological
question. In execution problems, observed performance depends
not only on the trading strategy but also on the realized price
path during the execution horizon. A policy may appear to out-
perform a benchmark simply because it is evaluated on favorable
episodes. Small test sets, rolling splits, or unpaired comparisons

© The Author(s) 2026. Published by BON VIEW PUBLISHING PTE. LTD. This is an open access article under the CC BY License (https://creativecommons.org/

licenses/by/4.0/).

01


https://doi.org/10.47852/bonviewJCCE62028887
https://orcid.org/0000-0003-1466-0248
https://orcid.org/0009-0008-8422-8024
mailto:enrico.barbierato@unicatt.it
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Journal of Computational and Cognitive Engineering Vol. 00

Iss. 00 2026

can therefore attribute market drift to execution skill. Additional
sources of variability arise from stochastic training and from the
sensitivity of learned policies to initialization and exploration
noise. In unconstrained settings, RL agents may also produce eco-
nomically implausible schedules, such as extreme front-loading or
back-loading of trades.

This paper revisits RL execution under a controlled evalua-
tion framework designed to isolate the effect of the trading policy.
All strategies are tested on the same fixed out-of-sample intraday
price paths, and comparisons are conducted on a paired, episode-
by-episode basis. Performance is aggregated across multiple
training seeds, and transaction costs are modeled explicitly. The
central question is whether, under sparse information and real-
istic frictions, a learning-based policy can produce a statistically
reliable improvement over a simple time-based benchmark.

To further stabilize the learning problem, the policy is
restricted to bounded residual adjustments around a TWAP
schedule. This prevents extreme execution patterns and maintains
economic interpretability, while still allowing the agent to modify
the timing of trades. The residual formulation separates two dis-
tinct questions: whether RL can eliminate pathological schedules,
and whether it can deliver consistent improvements in execution
performance.

The empirical analysis addresses three questions:

1) Do unconstrained RL execution policies outperform TWAP
under paired out-of-sample evaluation?

2) Does a residual formulation produce more stable and
economically interpretable schedules?

3) Once this constraint is imposed, does RL achieve statistically
reliable improvements, or does it remain close to benchmark
performance?

The remainder of the paper is organized as follows. Section 2
defines the execution problem, performance metrics, and cost
decomposition. Section 3 reviews related work. Section 4 presents
the data, models, and empirical results. Section 5 discusses the
interpretation of the findings, and Section 6 concludes.

2. Background and Preliminaries

Execution of a single asset over a fixed intraday horizon,
split into 7 decision intervals of equal length, is considered. Let
{Po, P1,..., Py} denote the observed midprices at the interval
boundaries, where P is the arrival price. The price paths used
in the experiments come directly from historical intraday data.
A parametric price process is neither fitted nor assumed; in partic-
ular, no diffusion, martingale, or stationarity assumption is made.
The realized paths can therefore contain drift, volatility cluster-
ing, short-lived trends, and microstructure noise, all of which are
common in intraday data [9].

For each interval t € 0,..., T — 1, a representative midprice
I_’, is used. Unless stated otherwise, this is defined as the midpoint
of the two boundary prices,

— P, +P
Pt:tTtH' (1)

One could instead use, for example, an arithmetic average over
higher-frequency observations inside the interval. For the com-
parisons below, ﬁ[ must be constructed deterministically from the
realized path, so that every strategy is evaluated against the same
price sequence.

Intraday drift can be large relative to the differences pro-
duced by alternative execution schedules. If two strategies are
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tested on different paths, measured performance differences may
reflect favorable or unfavorable market moves rather than execu-
tion quality, a known problem in empirical strategy evaluation
[10]. For this reason, all comparisons in the paper are made on
identical price paths.

An agent must liquidate an initial inventory Qg > 0 over the
T intervals. Let ¢, > 0 be the quantity executed during interval ¢.
Inventory evolves as

Oir1=0:— 4 Qo given, Or=0, 2

where Q, is the remaining inventory at the beginning of interval
t. Feasible schedules satisfy

T-1
4€0.01 % =00 3

The terminal constraint Q7 = 0 enforces full liquidation,
matching common institutional requirements such as end-of-day
inventory limits [11].

The TWAP strategy uses the deterministic schedule

TWAP _ %0
==, t=0,.
q, P

., T—1, 4
up to integer rounding. TWAP is used as the primary bench-
mark because it is widely used in practice and provides a simple
reference point without requiring a price model.

Execution prices include explicit transaction frictions. For a
sell order executed in interval 7, the realized execution price is
modeled as

P, =P, —s—ke(g; Q) +e, ©)

where s > 0 is the half-spread, k > 0 is a temporary linear impact
coefficient, ¢(-) is a normalized size term, and ¢, captures residual
execution noise. In the experiments, the following specification is
used:

q
$(q:5 00) = - (6)
Qo
so that impact increases with the fraction of the full order traded
in a single interval. The residual term is modeled as bounded noise,

g; ~ Unif(—¢, €), @)

with amplitude € > 0, denoted residual_eps in the implemen-
tation. This term represents within-interval execution variation,
including queue effects and other unobserved liquidity condi-
tions. When two strategies are compared on the same episode,
they use the same noise realization, which keeps the comparison
paired.

Given an execution schedule {¢ ,},T;Ol, total cash proceeds are

-1
X= q.P. ()]
t=0

The execution-price model in (5) keeps the two frictions needed
for the experiments, bid—ask spread costs and temporary impact.

Performance is measured by IS relative to the arrival
price Py:

IS = Qo Py — X. )
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For comparison across episodes, IS is also reported in basis points,

IS
Q0P

Two details matter for the empirical analysis. First, IS may be neg-
ative when the average execution price is above the arrival price,
as can happen on days with strong upward drift. Second, because
drift can dominate the execution effect itself, paired compar-
isons on the same paths are used primarily, rather than unpaired
averages across different trading days. To separate market drift
from execution frictions, IS is decomposed. Define the frictionless
proceeds

ISpps = x 104, (10)

-1
xmid = 3 g, P,, (11)
t=0
and the associated drift component
) STl _
157" = 0Py — XM = 3 4,(Py — P)). (12)
t=0
The remaining component is the frictional cost,
i _ e
187 = xmid _ x = 3 ¢,(P, - P)). (13)
t=0
By construction,
IS = 184 4 ysfric, (14)

This decomposition is useful in the intraday setting because real-
ized price moves can be larger than the differences between
execution policies.

Learning-based policies operate as residual adjustments
around a TWAP schedule. This follows recent work on RL-
based execution under non-stationary liquidity conditions, while
keeping the policy economically interpretable and constrained
[12]. Let

4, = q;rWAP(l + 6.,
where the residual action &, is bounded by
S; € [—es,85]- (15)

The actual executed quantity is then projected back into the
feasible region:

qt = min{Q{v maX{O, qt}}» (16)
with the final interval used to complete liquidation,
qr-1 = Qr-1- a7

Under this residual formulation, execution is modeled as
a finite-horizon Markov decision process. At each step ¢, the
agent observes a state S; and chooses an action 4, = §,.
A representative state is
S, = /T, Q,/Q,, price features at 1), (18)
where time and inventory are normalized to improve scale stability
across episodes [13].

The reward is chosen to align with IS minimization. The reward
is defined as the negative incremental shortfall contribution,

q.(Py— ﬁr ) 4
R =————"x1 1
t+1 00P, x 107, (19)
so the undiscounted return satisfies
-1
Z Ry = _Isbps~ (20)
=0

Maximizing expected return is therefore the same objective as
minimizing expected IS. Since the horizon is short and fixed, the
undiscounted objective is used:

max E, , (21)
4

T-1
Z Ry
=0

where 7 denotes the execution policy. Policies are trained with
standard policy-gradient methods, specifically Proximal Policy
Optimization (PPO) [14, 15].

3. Related Work

In the scientific literature, optimal execution is often treated
as a finite-horizon control problem. The trader has to liquidate a
parent order while balancing price risk, liquidity constraints, and
market impact. Sadoghi and Vecer [16], for example, study liqui-
dation in illiquid markets. Their setting is relevant here because
liquidity constraints can change the optimal schedule itself, rather
than simply adding a penalty to a strategy that would otherwise
be unchanged. Timing and cost specification are therefore linked
from the start.

Not all related work studies the full liquidation problem
directly. Some papers focus on components that enter the execu-
tion decision. Maglaras et al. [17] use deep learning on order-book
data to estimate limit-order fill probabilities. Such a model does
not tell a trader how to split and time the whole parent order, but
it can affect whether the trader posts passively, crosses the spread,
or changes child-order size. This is one plausible role for learning
in execution: estimating local market conditions while leaving the
broader execution rule more structured.

Simulation is another way to move beyond closed-form exe-
cution models. Roch [18] studies liquidation in a simulated limit
order book using neural-network methods. The simulator can
include microstructure effects that are awkward to represent ana-
Iytically. Once the policy is learned inside a simulated market, its
usefulness depends on whether that market captures the mech-
anisms that matter outside the simulator. A policy can look
strong in-sample and still be fragile if the simulated book omits
important behavior.

A separate part of the literature treats liquidity and impact
as endogenous rather than fixed background objects. Fu et al.
[19] study liquidation with endogenous entry and exit in a mean-
field model, while Cordoni and Lillo [20] derive transient impact
from Nash equilibria in execution games. These papers are not
direct benchmarks for the single-agent experiments below. They
are relevant because they show what is missing from simpler exe-
cution environments: market impact may be produced by strategic
interaction among traders, not only by an imposed cost function.

RL has also been applied to nearby trading problems.
Schnaubelt [21] applies deep RL to cryptocurrency limit-
order placement, where the agent must handle fill uncertainty,
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transaction costs, and noisy microstructure signals. Parent-order
liquidation is a different problem, but the practical difficulties
are similar. Policy behavior depends heavily on the environment,
training may be unstable, and the resulting strategy is often less
transparent than a rule-based benchmark.

Deep hedging gives a useful comparison from another finan-
cial control problem. Buehler et al. [22] use neural networks to
learn hedging policies under market frictions. The objective is
not execution, but the methodological point carries over. The
performance of a learned financial policy is tied to the chosen
state variables, the cost specification, and the sampling procedure.
These are modeling choices, not minor implementation details.

Mascioli et al. [23] introduce a simulation environment for
trading agents under stylized microstructure dynamics. Such plat-
forms are useful because matching rules, randomness, and agent
interaction are made explicit. They also make evaluation less
innocuous than it may appear. Changing the data-generating pro-
cess, the seed protocol, or the matching mechanism can change
the ranking of learned agents.

Evidence from other market domains helps frame what one
should expect from RL in execution. Cheng et al. [24] review deep
RL and evolutionary game-theoretic methods in user-side electric-
ity markets, where agents operate in high-dimensional, interactive
environments. Equity execution, at least in the single-agent lig-
uidation setting considered here, is narrower. Adaptive methods
are more compelling when the state contains exploitable structure
or when strategic interaction is central. A sparse-state liquidation
problem is therefore a relatively demanding test of what RL adds
beyond a simple schedule.

Several recent execution papers report that RL policies can
outperform TWAP or analytical schedules. Zhang et al. [25], for
instance, explicitly investigate the generalization of RL policies
for trade execution and the risk of overfitting to limited mar-
ket contexts. Other studies based on value-function methods or
hierarchical policies also find gains under specific experimental
designs. Those results motivate the comparison in this paper, but
they also make the evaluation protocol important. Without paired
test paths, a sufficiently large test set, and checks across random
seeds, apparent gains may come from drift or sampling variation
rather than better execution decisions.

In this paper, policies are evaluated on the same fixed out-
of-sample intraday paths, compared through paired episode-level
differences, and trained across multiple seeds with explicit trans-
action costs. Under this protocol, the RL policies considered here
do not deliver statistically reliable improvements over TWAP.

4. Models and Experimental Design

Each policy is evaluated with the same transaction-cost
model and on the same realized intraday price paths. In this
way, the price path dominates the measured outcome. A sched-
ule tested during favorable drift may look effective even when the
rule itself has no execution advantage.

The agent does not observe order-book imbalance, trade
flow, volume forecasts, cross-asset variables, or other signals
that could reasonably be interpreted as short-term alpha. In the
residual specification, the agent also cannot choose an arbitrary
liquidation curve. It can only make bounded adjustments around
TWAP.

4.1. Experimental rationale

IS changes substantially across days, even for a determinis-
tic schedule. The same rule may be executed through an upward
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move, a downward move, or a volatile path with little net direc-
tion. If two policies are evaluated on different episodes, the
measured gap mixes the schedule effect with the effect of the
particular price path. For this reason, comparisons are paired at
the episode level. On each out-of-sample path, TWAP and the
residual PPO policy face the same prices. When execution noise
is included, both policies receive the same noise realization. The
comparison is pathwise: only the schedule changes, while the
market path is held fixed.

First, the dispersion of TWAP IS on the fixed test set is exam-
ined. Residual PPO policies are then trained across random seeds.
The resulting schedules and IS values are examined using paired
differences and the drift—friction decomposition from Section 2.

4.2. Data description and preprocessing

The data are 1-minute intraday observations for IBM, a lig-
uid US equity listed on the NYSE, from 1998 to 2025. Prices are
represented by midquotes, computed from the best bid and best
ask at each timestamp. Midquotes are used rather than transac-
tion prices so that bid—ask bounce is not built directly into the
comparison between execution schedules.

The sample contains 7,030 trading days, with each day defin-
ing one execution episode. Table 1 reports the main summary
statistics.

The raw market data are proprietary and cannot be redis-
tributed. The preprocessing choices, simulator structure, and
evaluation protocol are reported so that the experiment can be
repeated with comparable intraday data.

Table 1

Summary statistics of intraday price paths
Statistic Value
Number of assets 1 (IBM)
Trading days 7,030
Time span 1998-2025
Sampling frequency 1 minute
Mean intraday return (bps) 0.013
Std. intraday return (bps) 8.99
Mean daily volatility (bps) 7.36

4.3. Baseline model

The baseline policy is TWAP. Given the horizon and ini-
tial inventory, the parent order is split evenly across the execution
window and fully liquidated by the final step. The rule does not
require a volume curve, a price forecast, or an impact calibration.

A Volume-Weighted Average Price (VWAP) schedule would
require an assumed or estimated intraday volume profile, and an
Almgren—Chriss schedule would require choices for risk aversion,
volatility, and impact parameters. As a result, these benchmarks
introduce additional assumptions that are not needed for the
evaluation question studied here.

Figure 1 reports TWAP IS over 1,000 fixed out-of-sample
episodes. The distribution is wide and crosses zero, showing how
much the realized intraday path can change the outcome of the
same execution rule.
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Figure 1
Distribution of TWAP implementation shortfall
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4.4. Learning-based execution model

The learning policy is trained using PPO. The action is con-
tinuous because the policy adjusts the quantity traded at each
decision step. Using PPO avoids imposing a discrete grid of trade
sizes.

The residual policy modifies TWAP multiplicatively. At
decision step ¢,

g =q;, """ (1+3), (22)
where &, is chosen by the policy and constrained by
8, € [—¢es,¢5]- (23)

The bound prevents the learned policy from replacing TWAP
with a completely different liquidation curve. It also removes the
extreme front-loaded and back-loaded schedules that appeared in
preliminary unconstrained runs.

The reward is negative IS in basis points. Because the
episode return is undiscounted, maximizing reward is equivalent
to minimizing IS.

4.4.1. State representation
At decision step ¢, the state vector is

r(l), }"52)) .

t

The first two entries give normalized time and remaining inven-
tory. The third entry is the current midprice. The final two entries
are lagged returns:

P P,
P 1, PP ==l

! Py N @9

No order-book, volume, trade-flow, or cross-asset variables
are included. The state records the execution clock, remaining
inventory, and recent price movement.

4.4.2. Predictive content of the price features
Before training the policies, the lagged returns were assessed
for directional information. The next-step return r,.; was

regressed on (rgl),rgz)) over the intraday sample. The esti-
mated R? is close to zero, and the coefficients are statistically

indistinguishable from zero. The lagged returns therefore provide
recent price context, but little evidence of useful short-horizon
predictability.

4.5. Model parameters and calibration

Each trading day is divided into 7" = 8 execution intervals,
giving the policy several opportunities to adjust the schedule while
keeping the horizon short.

The parent order is fixed at @y = 10,000 shares. Since IS
and rewards are normalized by Q, the main comparison is about
execution timing rather than order size.

Transaction costs consist of a constant half-spread s = 0.01
and linear temporary impact. The impact term is proportional to
q:/Qy, with coefficient k = 0.05, penalizing concentrated trades
without requiring a separate impact-calibration exercise.

Execution prices also include bounded residual noise,

€; ~ Unif(—¢,¢€), (25)
with € = 0.002, which represents within-interval execution vari-
ation, such as queue position or short-lived changes in available
liquidity. In paired comparisons, both policies receive the same
realization.

The default residual bound is €5 = 0.10, permitting moderate
deviations from TWAP while keeping the learned policy close to
the benchmark (Table 2).

Table 2

Model and experimental parameters
Parameter Value
Execution horizon T 8
Initial inventory Q 10, 000 shares
Half-spread s 0.01
Temporary impact coefficient k 0.05
Execution noise € 0.002
Residual bound €5 0.10
Discount factor y 0.10

4.6. Sensitivity analysis of the residual bound

The residual bound determines the size of the neighborhood
around TWAP. If the bound is too small, the policy has little room
to change timing. If it is too large, the policy can begin to recover
some of the instability seen in unconstrained runs. The policy is
retrained for alternative values of €5, and each version is tested
on the same 1,000 out-of-sample episodes.

As shown in Table 3, the confidence intervals include zero
for both values. Expanding the residual range does not produce a
notable improvement over TWAP.

4.7. Paired performance evaluation

For each episode, improvement over the benchmark is
defined as

ATS s = ISVAP) _ 15770

bps (26)

Positive values indicate that residual PPO achieves lower IS than

TWAP. Since both policies trade on the same path, this is a paired
pathwise statistic.

05



Journal of Computational and Cognitive Engineering Vol. 00 Iss. 00 2026
Table 3 Figure 4
Sensitivity of PPO-residual performance to the residual bound €5 Execution schedule statistics for TWAP and PPO-residual
s Mean improvement (bps) 95% CI policies
0.10 -0.019 [-0.110,0.071] 016 [[F= Twar
0.20 0.008 [0.081,0.094] oo o)
0.15
Figure 2 shows the pooled paired improvements across seeds ué 0441
and episodes. S s
§ ° ° - v ——a———9o—9
Figure 2 % 0.121
Distribution of paired improvements 3
& 0.11
1000 0.10
800 L I
Execution step
3
& 600 A
o
£ The residual schedules remain close to TWAP. The agent
4007 makes local timing adjustments rather than learning an entirely
new liquidation curve.
2001 The IS is decomposed into drift and friction components.
Figure 5 shows that price drift explains most of the variation in
0

-30 -20 -10 0 10 20 30
Paired Improvement (bps) [TWAP IS - PPO IS]

The Wilcoxon signed-rank test gives p = 0.57. The null
hypothesis of zero median improvement is therefore not rejected.

4.8. Multi-seed robustness

Training is repeated for five random seeds. For each seed, the
mean paired improvement and a bootstrap confidence interval are
estimated.

As depicted in Figure 3, the interval overlaps zero for every
seed, showing that the result is not driven by a single atypical
training run.

4.9. Schedule diagnostics and cost decomposition

The learned schedules are also inspected directly. Figure 4
compares TWAP with the residual policy.

Figure 3
Bootstrap confidence intervals for mean paired improvement

Pooled 1@

Seed 4

Seed 3

Seed 2

Seed 1

Seed 0

—0.020 —0.015 —0.010 —0.005 0.000 0.005 0.010 0.015
Improvement vs TWAP (bps) [TWAP IS — PPO IS]

0.020

06

outcomes. Friction costs are much more stable and are nearly
identical across the two policies.

As a final check, episodes are grouped by realized volatility
and drift. Within each group, the paired improvement statistic is
recomputed:

(TWAP)
bps

(PPO)

— ISy

AlSyp = 1S 27

On strongly trending days, the residual policy can benefit
from moving volume slightly earlier or later than TWAP. The
effect is not stable; however, gains in some groups are offset by
losses in others. In high-volatility episodes, dispersion increases for
both policies, while the average paired difference remains close to
ZEr0.

5. Discussion

The results in Section 4 highlight a difficulty in evaluating
learned execution policies. IS is noisy because the trader controls
the schedule, not the price path during the execution window.
A policy may lower average shortfall by a few basis points without
making better execution decisions. In a sell program, for example,
part of the apparent gain may come from being tested on paths
with more favorable intraday moves.

The dispersion of the TWAP benchmark makes this visible.
Figure 1 shows that the same deterministic schedule produces a
wide range of implementation shortfall outcomes on the fixed test
set, including both positive and negative values. Since the sched-
ule is unchanged across episodes, the variation must come from
the realized price paths. A comparison with TWAP is therefore
meaningful only when both policies are tested on the same mar-
ket realizations. Otherwise, differences in shortfall can easily be
drift rather than execution skill.

Some PPO and value-based Double Deep Q-Network
(DDQN) runs look favorable if they are judged only by aver-
age performance. Under paired pathwise evaluation, the gains
shrink and are not statistically robust. The schedules also vary
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substantially across training seeds. That instability is consistent
with the information available to the agent: the action space is
flexible, but the state variables provide little evidence about the
next price movement.

Looking across multiple seeds helps clarify whether the result
is stable. One favorable training run is not strong evidence of
a reliable execution rule. Initialization, exploration noise, and
stochastic gradient updates can all affect the final policy. A pos-
itive result from a single seed may reflect the training sample,
the optimization path, or temporary execution noise. Pairing the
price paths, and also the execution-noise realizations when noise
is present, removes much of this ambiguity.

The fixed out-of-sample paths are used only for evaluation,
and to make the comparison fair, on each episode, TWAP and the
learned policy face the same realized market path. Without that
condition, the assignment of test episodes to policies could itself
create differences in IS.

The agent observes the execution clock, remaining inven-
tory, current price information, and two lagged returns. It does
not observe order-book imbalance, trade flow, liquidity shocks,
volume forecasts, or cross-asset variables. With such informa-
tion, RL might have a stronger basis for adaptation. Cheng et al.
[24], for instance, discuss settings with high-dimensional states
and strategic interaction, where adaptive methods are more natu-
rally motivated. The experiment here is narrower: one asset, one
agent, explicit costs, and weak short-horizon predictors. Under
these conditions, the learned policy does not reliably outperform
TWAP.

The residual formulation does change the learned schedules.
By forcing the policy to stay close to TWAP, it removes the
most extreme front-loaded and back-loaded patterns seen in the
unconstrained runs. The resulting schedules are smoother and less
sensitive to the training seed, as Figure 4 shows.

In the largest evaluation, using 1, 000 fixed episodes and mul-
tiple seeds, paired improvements are close to zero (Figure 2). The
confidence intervals in Figure 3 include zero for every seed. As
a result, the residual policy should be interpreted as a bounded
perturbation of TWAP, not as a policy that systematically
lowers IS.

The drift—friction decomposition in Figure 5 shows that most
of the variation in IS comes from the drift component. The fric-
tion component is more stable and very similar across policies.
For a sell order, the sign of IS can also be misleading: upward

drift can produce negative shortfall even when the timing deci-
sion is unremarkable, while downward drift can produce positive
shortfall under a reasonable schedule. The more relevant question
is whether the learned policy reduces frictional costs on the same
path. In these experiments, it does not.

The simulator uses a fixed half-spread, linear temporary
impact, and bounded residual execution noise, leaving out several
realistic features of limit-order-book dynamics, such as concave
impact, transient impact decay, and spreads that change with
volatility or liquidity. The simplification keeps the main cost chan-
nels visible and makes the drift-friction decomposition easier to
interpret.

Changing the cost specification alone would not necessarily
overturn the main result. Since both policies are evaluated on the
same realized paths, alternative impact curves or state-dependent
spreads would still be applied to the same episodes. Persistent
outperformance would require the policy to exploit information
about future prices, liquidity, or impact. The state variables used
here do not appear to contain that information.

The preliminary predictability check in Section 4 supports
the interpretation. The two lagged returns explain none of the
next-step return variation essentially. The negative result should
therefore be read mainly as an information result, not as a claim
that PPO, or RL more generally, is unsuitable for execution.

Sparse-state information, explicit frictions, and substantial
intraday drift leave little room for adaptive timing to improve
mean shortfall. More realistic simulators are still important,
particularly those with concave impact, transient impact, and
state-dependent liquidity. But a richer cost model does not by
itself create predictability. A more promising direction is to com-
bine richer microstructure dynamics with state variables that
actually contain information about liquidity, order flow, or the
state of the book.

Finally, the residual policy may still be useful. Execution
algorithms are not judged only by average shortfall. Stability,
interpretability, controllability, and behavior under stress also
matter. A residual architecture satisfies several of these require-
ments: it keeps the learned policy close to a known benchmark,
limits pathological schedules, and makes deviations from the
baseline easy to inspect.

The role of RL in this setting is better viewed as a constrained
adjustment mechanism than as a replacement for time-based exe-
cution. It may be useful for controlled adaptation and diagnostics,

Figure 5
Decomposition of implementation shortfall into drift and friction components
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especially for identifying regimes in which a benchmark sched-
ule behaves poorly. The evidence here does not support persistent
average outperformance when the information available to the
agent is weak.

6. Conclusions

This paper compared RL execution policies with TWAP
using an evaluation design described above. The policies were
tested on fixed out-of-sample intraday paths, compared through
paired episode-level differences, trained across multiple random
seeds, and evaluated with explicit transaction costs. The goal
was to separate execution effects from variation due to intraday
drift, stochastic training, and the particular composition of the
test set.

The unconstrained agents perform poorly under the pro-
tocol. When the policy can choose execution quantities freely,
the learned schedules are unstable and do not reliably improve
on TWAP once costs are included. Some individual runs pro-
duce favorable average shortfall, but these gains disappear after
paired evaluation and aggregation across seeds, matching the
information structure of the experiment: the state contains lit-
tle short-horizon predictive content, while realized shortfall is
strongly affected by price movements outside the agent’s control.

The residual formulation addresses the stability issue; the
performance issue remains open. By restricting the policy to
bounded deviations from TWAP, it removes the most extreme
front-loaded and back-loaded schedules. The resulting policies are
smoother, less sensitive to the training seed, and easier to inspect.
In the out-of-sample tests, residual RL remains close to TWAP
and does not deliver a statistically reliable reduction in IS.

The drift—friction decomposition explains the result. Most of
the variation in IS comes from the realized intraday price path
rather than from differences in frictional costs. On the same paths,
TWAP and the residual policy incur very similar frictions. Without
informative signals about future prices, liquidity, or impact, the
agent has little basis for producing persistent value through timing.

The results do not show that RL is unsuitable for execution
in general. They show that in this setting—one asset, sparse-state
information, explicit transaction costs, and paired out-of-sample
evaluation—RL is better understood as a constrained adjustment
mechanism, as its value lies essentially in stabilizing behavior, lim-
iting pathological schedules, and making deviations from TWAP
easier to diagnose.

Future work will include order-book variables, liquidity
measures, trade-flow indicators, cross-asset signals, and state-
dependent impact. Risk-sensitive objectives are also important,
since execution desks may care more about avoiding adverse
tail outcomes than about small improvements in mean shortfall.
Multi-agent or market-impact-consistent simulators could further
clarify whether learning becomes more useful when execution
decisions interact with other market participants.
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