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Abstract: Large-order execution agents often propose actions that are subsequently changed by a risk -control layer. This
creates a training-deployment mismatch: the value network estimates outcomes for unfiltered orders while actual execution
follows the shield. We study shield-consistent Double Dueling Q-learning (SC-DDQN), which trains on the transitions generated
by the same observable execution shield used at deployment, and extend it with an adaptive inventory -exposure envelope (BSC-
DDQN). The shield operationalizes flow-sensitive urgency, schedule recovery, and deadline floors; the new envelope tightens
the permissible post-trade inventory as observed volatility rises. We implement a finite-horizon, six-action execution
environment with concave temporary impact and four persistent latent liquidity regimes. Three independently trained seeds are
evaluated on 720 paired held-out synthetic paths against deterministic schedules, unshielded DDQN, post-hoc shielding, and
shield-consistent ablations. SC-DDQN attains 15.05 basis points (bps) mean implementation shortfall, compared with 18.67 bps
for time-weighted execution and 15.88 bps for post-hoc shielded DDQN; the risk-budget extension instead reaches 16.24 bps
but reduces inventory exposure. A seed-level sensitivity analysis yields a 95% interval of [-0.50, 2.16] bps for the 0.83-bps
advantage over post-hoc shielding; only three independent fits are available. We report tail losses, intervention frequency, and
impact-coefficient sensitivity. All outcomes are generated by a disclosed simulator; they measure the interaction between leaming
and explicit execution constraints rather than realized venue profitability.

Keywords: Optimal execution, safe reinforcement learning, Double DQN, action shielding, implementation shortfall,
conditional value-at-risk.

showed that explicit intervention accounts for much of the

1. Introduction measured benefit. This gives a concrete basis for investigating

Executing a known parent order differs from forecasting an whether the policy should leam ins_id‘e its execution rules
asset return. The trader must exchange a fixed quantity for ~ ratherthan only be corrected after training.
cash before a deadline, subject to the spread, finite liquidity, This paper makes three testable contributions. First, it
and the market exposure left in the residual inventory. models the shield as an action transformation inside the
Dynamic execution models [1], [2] formalize the resulting Bellman transition used by Double Dueling Q-learning; the
balance between slippage and uncertainty. Yet the price learned value of a proposal reflects the action actually
response to trading is sensitive to both impact dynamics [3] §xecuted. Second, it assesses an optionalvolatility-responsive
and order-book imbalance [4]; a policy optimized for an inventory exposure envelope enforced through discrete
average state can become imprudent when liquidity vanishes feasible-order projection and audited for infeasibility under
or directional flow accelerates. the hard participation cap. Third, it performs matched-path

Reinforcement learning (RL) offers a natural way to update experiments that separate the effects of a post-hoc shield,
child-ordersizes as signals change. The early execution study shield-consistent learning, and the inventory envelope. The
of Nevmyvaka et al. [5], a Double Q execution policy [6], a emphasis is on attribution rather than combining every
proximal policy optimization (PPO) formulation [7], and available neural-pet'work eqhancemegt. '
oracle policy distillation [8] illustrate distinct ways to leam The 'hypothes1s is conditional: .allgnment may 1mprove
execution controls. They do not remove an operational execution gnderthe chqsep synthetic market, butits size and
requirement: orders proposed by a learned model must still even its sign are empmcal matters. We therefor'e report
satisfy venue participation caps, client constraints and the ablations, mean and t?ﬂ. losses, seed-leve'l uncertainty, I?Sk
execution deadline. Shielding provides an explicit exposure,reglme—condltloneq costs gnd an 1mpact-cqefﬁc1ent
architectural separation between action proposal and rule shift. Quantities expressed in basis points are simulated
enforcement [9]. implementation shortfalls, never measured live fills.

That separation raises a less frequently tested learning

question. When a deterministic shield replaces a neural action, 2. Background and Related Work

the action the network scores is not the order that reaches the Market-impact and execution research supplies the
market. A network fitted in the unshielded environment may structural assumptions rather than trading-rule parameters.
therefore rank candidate actions according to counterfactual Nonlinear temporary impact changes the optimal rate
transitions that are never realized under the deployed system. schedule [11]; adaptive mean-variance execution explicitly
A favorable result for a network-plus-shield system need not allows future decisions to react to changing information [12].
demonstrate that the learning process has adapted to the shield Empirical and theoretical analyses connect institutional order
itself. Qin et al'. Ll 0] introduced a market-'awa.re execution splitting to volatility [13]and explain why a concave square-
controllercombining gated Q experts, adaptive risk charging, root impact relationship is plausible [14]. Reviews of limit-
and a deterministic execution shield, and their ablation order-book dynamics [15] and deep-learning evidence on
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order-flow history [16] also motivate including imbalance
among observable state variables. Cross-venue frictions in
cryptocurrency trading [17] caution against interpreting
stylized simulator costs as transferable transaction prices.

Recent execution work addresses latent or time-varying
liquidity through deep value learning [18]. At the algorithmic
level, the DQN family combines nonlinear function
approximation with experience replay [19]; Double Q-
learning reduces over-optimistic action values [20], and
dueling networks factor state value from action advantage
[21]. Prioritized replay [22] and Rainbow-style combinations
[23] can improve sample efficiency, but including them in a
component-attribution test introduces additional design
changes. Our implementation uses uniform replay and the
Adam family of stochastic optimizers [24] so that action
filtering remains the principal manipulated variable.

LOB-based datasets and predictors have a complementary
role. The FI-2010 benchmark [25] contains historical depth
observations and DeepLOB [26] extracts spatial and temporal
representations from order books; neitherdirectly reveals the
fills that an alternative policy would have obtained on an
unexecuted order. This study therefore generates all
experimental market paths and fill prices inside one explicitly
parameterized simulator. Such a controlled design is
appropriate for an internal validity test of the action shield,
while leaving external validity to future order-book replay
and shadow execution.

3. Execution Model and Measures

3.1. Market State and Admissible Action

Each episode liquidates a sell order of Q0 =480 units over
T = 60 sequential decision intervals. The discrete proposal
alphabetis A = {0, 0.5, 1, 1.5, 2, 3}. For inventory x_t and
proposal a_t, theunfiltered target is a_tx_t/(T-t); thereleased
quantity is capped by 20% of currently observed market
volume V_t. Every strategy shares the same terminal rule,
which sells the remaining inventory after the 60th ordinary
decision at a less favorable terminal spread. The cap applies
to regular child orders; the terminal auction is the explicit
exception.

The ten observable state coordinates are remaining
inventory QO-normalized; time-to-deadline; last realized
market return; an exponentially smoothed return; observed
volatility, spread and volume with fixed scaling;
contemporaneous imbalance; deviation from a linear
completion schedule; and previous executed multiplier. The
policy does not observe the latent Markov regime, future
market volume or future return. The shield is deterministic
given this state and the contemporaneous volume.

3.2. Execution Cost and Reward

For a sell child order q_t, the simulator applies half the
spread plus concave market impact. Its pricing rule is

P exect=M t[l1-{0.5s t+h(0.42s t+
0.18sigma_t)sqrt[(q_t/V_t)/0.05]}/10"4] (1)

Where M _t is the pre-trade mid-price, s_t and sigma_tare
spread and return-volatility proxies in basis points,and h is an
impact multiplier (h =1 unless the sensitivity experiment says
otherwise). The next mid-price receives the market tape's
exogenousreturn less 9% of the computed temporary-impact
concession; thus earlier trading changes later marked prices.
The terminal leftover isliquidated using one-and-a-halftimes
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the observed terminal spread plus the same impact formula,
with no per-interval participation cap. These coefficients are
stylized and are not fitted to any exchange.

Episode implementation shortfall IS is the arrival-price
basis-point loss on average proceeds. For sell orders a lower
value is better; favorable exogenous movement may yield
negative values. Training reward uses marked wealth change,
rather than just immediate fill cost, together with observable
risk and lateness charges:

IS=10MT1 - (sum _tq tP exec,t)(Q0M 0)] @)

r t=0.1{DeltaW_t(bps) - lambda_t sigma t (x_(t+1)/Q0)"2
-ut} (3)

For all leamed policies, lambda t = 0.12[1 + 1.8
max(sigma t/5 -1, 0) + 1.2 max(s_t/3 - 1, 0)]; u_t= 0.28
max(0, x (t+1)/Q0 - (T-t-1)/T). The terminal wealth
adjustment includes liquidation cost. The same reward is used
in the three training variants; the learning comparison does
not rely on separate reward engineering.

3.3. Latent Market Generator

The synthetic market follows a four-state Markov chain
with a persistent regime-specific volatility, spread and mean
volume. Imbalance is a clipped autoregressive series, and
next-step exogenous return responds weakly to observable
imbalance and independently sampled noise. Directional
stress also containsa drift whose sign persists until a regime
transition; its sign is hidden. Quoted spread, volume and
volatility receive lognormal innovations. The path generator
uses fixed per-path integer seeds; policies on the same held-
out path receive identical exogenous shocks, although their
own impact produces different subsequent mid-prices.

Regimes are not fitted to publicly traded instruments. The
finite-state process isolates the extent to which a learned
policy can use contemporaneous information without
importing unobserved future market states. A pathwise run is
reproducible from the released generator and its identifier.

Table I. Regime Generator Parameters (Synthetic)

Regime sigma (bps) | Spread (bps) | Volume @ Stayp
Calm 22 1.2 135 0.965
Normal 4.5 2.4 95 0.955
Volatile 9.0 6.5 46 0.945
Stress 11.5 9.0 58 0.930

4. Shielded Deep Q-Learning
4.1. Observable Action Shield

The rule layer maps an action proposal a to a permissible
released action S(s, a). The shield implements the execution
rule layer of Qin et al. [10]: its six execution multipliers,
market-contingent urgency tests and explicit 20%/10%
deadline floors. Because that framework defines the urgency
conditions without fixing every numerical threshold, we set
the adverse-imbalance cutoff to -0.35, the high-volatility
cutoff to 8 bps, the schedule-lag tolerance to 13% and the
favorable-flow cutoffto 0.5.

For sell execution,a multiplier floor of 1.5 is activated by
strongly negative imbalance or inventory more than 13%
above linearpace, and a floor of 2 is activated when observed
volatility reaches 8 bps with nonpositive imbalance. At t >=
48 the flooris atleast 1.5; att >= 54 itis at least 2. Aggressive
proposals can be reduced to at most 1 when imbalance is



above 0.5, spread exceeds 6 bps and at least 30% of the
horizon remains. When urgency and waiting rules disagree,
the urgency floor has priority. The final result is snapped to
the nearest of the six multipliers; fill quantity still obeys the
participation cap. The intervention audit records every
proposed/released mismatch.

4.2. Shield-consistent Value Updates

A post-hoc shield does not alter the environment used for
network fitting. Its training transitions use the proposed action
a, but deployment generates the effective action S(s, a). The
discrepancy is especially consequential near deadlines, where
several proposals are mapped to one urgent child order. SC-
DDQN instead samples the actual shielded transition while

preserving the original proposal as the Q-function action label.

The replay samples the transition and reward induced by the
composite decision S(s, a), so training and deployment use the
same proposal-to-execution semantics. The underlying
simulator is Markov only when its hidden regime and other
latent variables are included; the network receives a partial
observation and learns an approximate value over that
observation.

Let z denote the simulator's full latent state, o(z) its
observation, F its transition kernel, and r its reward. Since S
depends only on current observable inputs, it induces a new
action-conditioned kernel F*S(z'|z, a) = F(z'|z, S(o(z), a)). At
the full-state level, the corresponding Bellman relation is:

Q"S(s,a) = E[1(s,5(s,a)) + gamma max_b Q*S(s’,b)] (4)

In implementation Q is parameterized by the observed state
o0, rather than the unavailable latent z, so (4) is a full-state
modeling identity and the learned network is its observation-
based approximation. This distinction requires neithera larger
model nor differentiation through discrete rules. Every replay
tuple contains (s, proposal a, realized reward r, next state s/,
done), where the reward and next state are generated by S(s,
a). The online Double Dueling Qnetwork evaluates candidate
proposals; a target network evaluates the selected next
proposal in the induced environment. A network with two 64 -
unit ReLU layers predicts a scalar V(s) and six action
advantages A(s, a), whose centered sum forms Q(s, a). An
AdamW optimizer, smooth-L1 temporal-difference loss,
uniform replay and periodic target refresh implement the
update. The architecture and hyperparameters are identical for
raw DDQN, SC-DDQN and BSC-DDQN.

Action aliasing means several proposals can produce
identical trades. It does not invalidate (4): they are separate
labels for the same or similar induced transition and can have
the same optimal value. Unlike a post-hoc correction, this
model learns that equivalence from data. The equality
specifies the full-state control problem; it isnot a convergence
theorem or an assertion that the observation vector is a
sufficient Markov state.

4.3. Volatility-dependent Inventory Budget

As an additional risk-control variant, BSC-DDQN retains
SC-DDQN's shield-consistent training but adds a one-step
risk-envelope check before release. A time-indexed upper
inventory target decreases with the horizon and becomes
tighter as contemporaneous volatility rises. Using sigma_ref
= 5 bps and a fixed 6% schedule slack, the post-action
inventory target is:

B t=1.06 QO [(T-t-1)/T] min{1, sqrt[5/max(5,sigma_t)]}(5)
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The shield computesd t=max(0,x_t - B_t), truncates this
required sale by the contemporaneous participation capacity
0.2V _t, and chooses the smallest discrete proposal multiplier
whose clipped quantity reaches that feasible sale target. The
budget-induced floor is combined with the market-urgency
floors. An infeasibility flag is raised whenever the
untruncated d_t exceeds 0.2V _t; such a state cannot satisfy
the envelope through any regular child order. This is a risk-
budget aiming mechanism with an explicit feasibility monitor,
not a claim of guaranteed bound satisfaction in a volume-
limited market.

The envelope's motivation is an upper limit on the
volatility-scaled exposure x"2 sigma, normalized to a
declining time-dependent inventory schedule. Equation (5)
makes the permitted inventory smaller in a high-volatility
regime, without using the unobserved regime label. The two
shield-consistent variants provide a direct ablation: SC-
DDQN retains observable urgency rules, while BSC-DDQN
also enforces the exposure envelope. This optional budget is
expected to reduce exposure but may increase temporary
impact, so its usefulness is evaluated as a mean-cost/tail-risk
trade-off rather than presumed superiority.

5. Experimental Methodology

5.1. Train/test Separation and Baselines

Three independent training seeds (7, 19 and 31) fit each
network for 15,000 environment interactions. For each seed,
the held-out evaluation consists of 240 newly generated
episode paths. No test episode is used for optimizer updates,
and no model selection or threshold search is performed on
the test set. There are 720 distinct paired exogenous paths and
60 sequential trading decisions on each. For each seed, all
three training variants use common random-number streams
and the same market-tape schedule; the realized actions,
rewards and resulting policies nevertheless differ. This
matched-training construction reduces training-tape noise in
the ablation.

Baselines include TWAP (current equal-time slice), POV
(the nearest action to 5% of observed interval volume), a
front-loaded multiplier rule, and a fixed TWAP proposal
passed through the observable shield. Raw DDQN is trained
and evaluated without rules. DDQN-postshield fits the raw
DDQN checkpoint and applies the observable shield only at
evaluation. SC-DDQN fits with that same shield activated and
uses it during evaluation. BSC-DDQN adds the volatility
exposure envelope and trains with that augmented shield. All
methods share the action alphabet, participation cap, terminal
liquidation rule and market generator. DDQN-postshield
corresponds to the network-plus-shield configuration of [10],
in which learned proposals are corrected by the execution
rules after training; SC-DDQN differs from it only in learning
inside the same rules, so their paired difference measures the
value of training under that intervention mechanism.

5.2. Optimization, Evaluation and Auditing

The network has a 10-64-64 shared encoder, a one-
dimensional value head and six-dimensional advantage head.
Training uses discount 0.99, AdamW learning rate 4e-4,
weight decay le-5, a capacity-25,000 uniform replay buffer,
batch size 64, a learning update every four interactions after
the first 500 and target copying every 360 interactions.
Exploration is epsilon-greedy with a 0.95-t0-0.07 schedule. A
5.0 gradient-norm cap stabilizes backpropagation. Each



algorithm therefore receives the same interaction budget,
optimization configuration and model class.

Primary outcome is mean arrival-price IS (bps). Secondary
outcomes are median, 95th percentile and CVaR95, the mean
of'losses at or above the sample 95th percentile. CVaR is used
as a descriptive tail-risk measure in the sense of [27]; it is not
used as a training objective. We also compute mean terminal
fraction, shield proposal-correction rate, mean volatility-
weighted squared remaining inventory, and the fraction of
intervals in which the desired exposure envelope was
infeasible given the hard participation cap.

For a baseline B and a proposed policy A on the same path
i,d i=IS B,i-IS A,i. Thesigned difference is positive when
A is cheaper. We report mean(d), a two-sided paired t-test, and
a 95% Student interval for its mean. This path-level inference
is conditional on the fitted networks, episode generator and
simulator coefficients; sequential steps inside one episode are
not independent samples. We also calculate a second, more
conservative Student interval across the three fit-level mean
differences (2 degrees of freedom) and provide a two-stage
bootstrap diagnostic. Because three seeds are too few for
dependable cluster asymptotics, neither supplies a
population-level guarantee. Saved path records permit
independent recalculation.

Table II. Training And Evaluation Configuration

Item Setting
Training seeds 7,19, 31
Train interactions 15,000 per model/seed
Held-out paths 240 per seed; 720 paired
Time steps 60 per path
Network 10-64-64; dueling 1+6

Replay / optimizer
Discount / batch

Participation cap

25,000 / AdamW, 4e-4
0.99 /64
0.20 of observed volume

5.3. Coefficient Shift and Provenance

We freeze all trained networks and evaluate the same policy
family with temporary-impact coefficient multipliers h of
0.75, 1.00 and 1.25. The sensitivity run uses an independent
100-path group per seed and multiplier, producing 300 paths
per scale. Within each scale, path identifiers are paired across
policies; paths reused between scales keep the same
exogenous tape so that changes isolate the cost-rule
perturbation. The training parameters and exposure-envelope
thresholds remain unchanged.

The dataset for this study is fully synthetic. Market paths
are generated by ‘tape for' from recorded integer seeds, and
all counterfactual fills arise from (1). The ‘episodes.csv’,
‘impact_sensitivity.csv', ‘config.json’, seed-specific PyTorch
checkpoint files and training diagnostics are saved with the
code. There is no implied access to proprietary orders,
matching-engine queues or live-market fills.

6. Results

6.1. Mean Shortfall and Tail Loss
Table II1. Held-Out Implementation Shortfall (Bps; N = 720)

Policy Mean = Median P95 CVaR95
TWAP 18.67 15.79 78.56 108.47
POV 27.81 21.05 122.93 173.16

Front 17.73 13.65 74.95 100.12
Shield-rule 17.71 15.11 74.51 98.67
DDQN-raw 16.37 11.69 69.08 97.47
DDQN-postshield = 15.88 11.36 67.06 94.50
SC-DDQN 15.05 10.98 69.33 96.85
BSC-DDQN 16.24 11.36 69.15 93.75
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Figure 1. Mean held-out implementation shortfall; error bars represent path-level standard errors.

On 720 held-out synthetic paths, shield-consistent SC-
DDQN obtains 15.05 bps mean implementation shortfall.
TWAP obtains 18.67 bps; raw DDQN obtains 16.37 bps; and
a raw network coupled to the same shield only at deployment
obtains 15.88 bps. The optional inventory-budget variant
BSC-DDQN obtains 16.24 bps. The non-neural Shield-rule
baseline averages 17.71 bps and is included to measure how
much leamed control adds to a purely deterministic
intervention policy. The rule layerof[10] lowers cost in every
configuration: applied to a fixed TWAP proposal it reduces
shortfall from 18.67 to 17.71 bps, applied after training it
reduces raw DDQN from 16.37 to 15.88 bps, and used inside
training it yields the lowest mean cost of 15.05 bps. Table III
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includes medians and the upper 5% tail rather than equating
minimum average cost with minimum risk.

SC-DDQN's CVaR95 is 96.85 bps, compared with 94.50
bps for post-hoc shielding and 93.75 bps for budgeted
shielding. Thus the shield-consistent network improves the
average outcome while showing a numerically larger upper-
tail loss in this experiment; the added risk envelope moves the
observed tail estimate in the favorable direction but worsens
mean execution cost. Every CVaR uses the empirical upper5%
of that policy's 720 observations. Only about 36 paths
determine each tail estimate, so small differences are treated
descriptively, not as established tail superiority.



6.2. Matched-path Attribution
Table IV. Paired Shortfall Reduction Relative to Sc-Ddqn

Comparator Delta bps 95% CI P
TWAP 3.62 [3.07,4.17] <.001
DDQN-raw 1.32 [1.01,1.64] <.001
DDQN-postshield 0.83 [0.56,1.10] <.001
BSC-DDQN 1.19 [0.88,1.50] <.001
Shield-rule 2.66 [2.25,3.06] <.001

The paired improvement of SC-DDQN over TWAP is 3.62
bps (95% CI [3.07, 4.17]; p = 1.82e-34); over unshielded
DDOQN itis 1.32bps (95% CI [1.01, 1.64];p=4.11e-16). The
key matched-network comparison is against DDQN-
postshield, which applies the identical observable market-
urgency shield only after training: 0.83 bps (95% CI [0.56,
1.10]; p = 1.59e-09). Thus the observed mean simulated
execution cost favors shield-transformed training in all three
fitted seed groups, without increasing model size. A
comparison against a fixed equal-slice proposal with the same
rules is 2.66 bps (95% CI [2.25,3.06]; p = 8.29e-35).

The optional budget version is not an automatic
improvement: the paired difference between BSC-DDQN and
SC-DDON is 1.19 bps (95% CI [0.88, 1.50]; p = 1.82¢e-13),
meaning the budgeted extension has the higher mean cost.
This is informative because the additional exposure envelope
enforces urgency at moments when impact is costly. The
shielded-training effect should therefore be distinguished
from the cost of imposing a tighter inventory risk tolerance.

Pathwise pairing removes exogenous price noise but does
not eliminate fitting variability. Model hyperparameters and
risk-envelope thresholds were held fixed, and no checkpoint
selection used held-out shortfall.

6.3. Training-Seed Uncertainty and Market
Regimes
The SC-DDQN advantage over post-hoc shieldingis 1.45,

0.47 and 0.57 bps for training seeds 7,19 and 31. Aggregation
by fit givesa 95% Student interval [-0.50, 2.16] bps (n=3 fits,
df=2, p=0.115). In contrast, the path-level interval in Table [V
is conditional on these fitted networks. The fit-level interval
crosses zero: the dataset establishes consistent direction
across three fits but not a conventionally significant
generalization across independently retrained networks. The
accompanying audit file also records the two-stage bootstrap
as a descriptive check; its intervals should not be treated as
reliable with only three fit clusters.

Table V. Post-Hoc Minus Sc-Ddqn, By Independent Training Seed

(Bps)
Train seed Paired mean gain
7 1.45
19 0.47
31 0.57
Across fits 0.83

Table VI. Regime-Conditioned Post-Hoc Minus Sc-Ddgn (Bps)

Dominant regime Paths Mean gain
calm 258 0.97
normal 201 0.60
volatile 150 0.02
stress 111 2.01

The dominant-regime decomposition shows the largest
mean difference in directional stress, with almost no
difference for volatile-thin dominant episodes. These are
descriptive subgroups formed from synthetic latent labels for
analysis only; the trading network does not receive regime
labels. Small subgroup sizes and seed heterogeneity preclude
a claim of uniformly superior execution in every state.
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Figure 2. Empirical distribution of simulated execution shortfall on paired held-out paths.

6.4. Completion, Intervention and Inventory
Exposure
Table VII. Completion Pathway and Shield Diagnostics

Policy Terminal qty Changes Exposure
TWAP 0.1% 0.0% 2.07
Shield-rule 0.0% 43.4% 1.89
DDQN-raw 1.3% 0.0% 1.45
DDQN-postshield 0.0% 23.2% 1.43
SC-DDQN 0.0% 30.0% 1.55
BSC-DDQN 0.0% 29.2% 1.41
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The common terminal clean-up rule completes every
parent order, but leftoverinventory pays a terminal spread and
impact surcharge. Mean terminal fraction is 0.03% for SC-
DDQN, 0.00% for BSC-DDQN and 0.00% for the post-hoc
baseline. The share of neural proposals revised by the shield
is 30.0% for SC-DDQN, 29.2% for BSC-DDQN, and 23.2%
for naive post-hoc shielding.

For BSC-DDQN the desired one-step exposure envelope is
infeasible in 33.8% of decision intervals because required
inventory reduction exceeds the contemporaneous
participation capacity. This exposes a material operational
difficulty with stringent risk bounds. Its mean volatility-



weighted inventory exposure is 1.41, compared with 1.55 for
SC-DDQN and 2.07 for TWAP. The risk-budget variant
therefore accepts increased average impact/slippage to carry

less inventory in volatile intervals. Figure 3 shows the
resulting pathwise liquidation profiles.

o 1 o o 3
N ' o © =)
L ) "

Mean normalized remaining inventory

o
o

- TWAP
DDQN-postshield

- SC-DDQON

- BSC-DDON

0 10 20

30 40 50 60

Decision step

Figure 3. Average fraction of inventory remaining at selected decision times.

6.5. Impact-model Sensitivity

Table VIII summarizes an out-of-training-distribution cost
perturbation. All four policies are run on 300 fresh tapes at
each coefficient multiplier; networks and shield thresholds
are held fixed. The impact effect is approximately monotonic
for the evaluated methods, but mean differences are not
expected to scale linearly because more aggressive
liquidation incurs larger immediate impact while reducing
time exposed to adverse price movement. Across the three
settings, this analysis is a modest robustness probe rather than

a comprehensive simulator-misspecification study. It does not
vary order-book queue priority, fill probability, fees, strategic
response or latency.

Table VIII. Frozen-Policy Shortfall Under Impact Scaling (Bps)

Scale TWAP Post SC BSC
0.75 14.43 12.55 11.72 12.82
1.00 18.90 16.42 15.47 16.73
1.25 23.35 20.29 19.22 20.64
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Figure 4. Shortfall sensitivity to temporary-impact coefficient scaling (independent paths).

7. Interpretation and Limitations

Shield consistency and inventory-budgeting address
distinct problems. In the first, the learner receives transitions
that match the actions its deployed shield actually releases.
This removes an avoidable source of training-deployment
discrepancy but may offer only a small gain when the shield
dominates decisions or a deterministic schedule already
performs well. In the second, the budget explicitly contracts
the remaining-inventory allowance under high current
volatility, trading execution urgency against nonlinear
immediate impact. Neither modification permits the network
to see future market information, and neither alters the
parent's required completion quantity.

The full-state control identity in (4) explains how a
deterministic shield can be embedded in value learning;
because the agent observes only part of the simulated Markov
state, its observation-conditioned value remains an
approximation. Nevertheless, the envelope in (5) isnot a hard
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chance constraint with guaranteed feasibility. When the
market-volume cap is active, the shield selects the most
aggressive available action and records the violation. A
credible production implementation must also specify a
reject/retry mechanism, exchange-side limits and an
emergency fallback for stale observations. Terminal forced
liquidation is convenient fora controlled simulation, but may
be materially optimistic under extreme real-world illiquidity.

The simulation excludes limit-order queue position, partial
and hidden fills, venue routing, rebates, transaction fees,
latency and market reactions to the strategy. Its regime-
specific parameters are chosen rather than estimated from a
chronological exchange dataset. The findings therefore
concern internal algorithmic behavior under four persistent
regimes and a single sell-order size. They also show that the
tighterrisk envelope cannot always be satisfied under a real -
time participation limit; numerical CVaR improvement alone
cannot turn an infeasible constraint into a guarantee. They
cannot establish that the same absolute basis-point costs,



optimal thresholds or relative ranking will hold on real order
books. The next validation stage should calibrate the
simulator on a legally accessible venue dataset, preserve a
chronological held-out test interval, replay the same parent
orders across policies with explicit queue assumptions, and
finally assess shadow orders before risking capital.

A second limitation is experimental power over model-
fitting randomness. Three trained checkpoints permethod and
15,000 interactions per checkpoint are a transparent
computational budget, not an exhaustive search. Our paired
720 paths make path noise easier to control; they do not
substitute for an independent sample of many training
configurations. Risk-envelope hyperparameters were fixed a
priori in this study. An external replication should prespecify
thresholds and evaluation assets, vary the parent-to-volume
ratio, and estimate uncertainty clustered across assets and
dates. These steps would test whether shield consistency
remains beneficial after venue mechanics replace synthetic
fills.

Finally, the experiment isolates the action shield of the
earlier execution framework from its mixture-of-experts
value network. This choice focuses the ablation on a
measurable question: whether a value function estimated
under the deployed action transformation behaves differently
from a value function estimated without it.

8. Conclusion

We presented shield-consistent Double Dueling Q-learning
and an independently auditable inventory -exposure extension
for risk-constrained execution. The principal innovation
places the deployed deterministic action transformation
inside the transition data used for value learning, retaining a
compact discrete controller. On 720 matched synthetic held-
out paths, SC-DDQN averages 15.05 bps shortfall versus
15.88 bps for the otherwise comparable model shielded only
at deployment; the conditional path-level paired reduction is
0.83 bps, while a fit-level interval across three independent
seeds contains zero. A volatility-dependent inventory budget
reduces measured exposure but raises mean shortfall to 16.24
bps, revealing a meaningful execution-risk trade-off rather
than a free improvement. These reproducible tests identify a
promising mean-cost effect in this simulator, with limited
model-fit statistical power. Real-venue validity remains
contingent on calibrated order books, realistic fills and
external chronological evaluation.
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