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Abstract—We propose an efficient learning framework for
long—short portfolio allocation that combines an objective-driven
optimization criterion with the simplicity of supervised training.
Under exogenous market dynamics, where market transitions
are independent of the agent’s actions under the price-taker
assumption, maximising log-utility reduces to a single-step ob-
jective; hence, trajectory rollouts and multi-step credit assign-
ment used by policy-gradient trading agents (e.g., AlphaStock,
DeepTrader) often provide limited benefit. We therefore train the
allocation policy end-to-end by direct log-utility optimization of a
regularised objective using standard mini-batch backpropagation
on observed returns. We evaluate against both trajectory-based
reinforcement-learning agents and supervised portfolio-allocation
baselines, including Decision by Supervised Learning (DSL),
and find that our training setup consistently delivers stronger
performance in our evaluation. Empirically, our method achieves
substantially higher average annual return and Sharpe ratio
than the evaluated baselines, while converging in fewer training
iterations and with improved stability. Overall, direct log-utility
optimization under exogenous dynamics provides a practical
middle ground between reinforcement learning and supervised
portfolio allocation.

I. INTRODUCTION

Portfolio management seeks to allocate capital across assets
to optimize return while controlling risk. Classical approaches
such as mean—variance optimization, factor models, and mo-
mentum/value strategies have provided influential foundations
[7, 16, 11], but real markets are non-stationary, nonlinear, and
high-dimensional, limiting the ability of hand-crafted models
to capture evolving patterns and cross-asset dependencies.
Recent work has increasingly adopted deep reinforcement
learning (DRL) to automate decisions through representation
learning and end-to-end optimization [3, 12, 24, 25, 1, 4].

Despite their promise, trajectory-based DRL methods face
practical limitations in portfolio learning. First, policy-gradient
and actor—critic agents require multi-step credit assignment
to propagate rewards through rebalancing sequences, yielding
high-variance gradients, slow convergence, and sensitivity to
regime shifts. Second, stochastic policies introduce sampling
variance and reduce reproducibility, while training stability
depends on variance-reduction heuristics. Third, rollout-based
formulations depend on trajectory-specific hyperparameters
(discount factors, episode length, bootstrapping horizons) that
are difficult to calibrate in finance. Most critically, under the
common price-taker assumption used in historical backtesting,
the influence of an agent’s actions on future market states is
typically negligible: market dynamics are treated as exoge-
nously generated. Recent supervised and direct-optimization

alternatives bypass trajectory learning [14, 15, 26], but focus
on long-only portfolios, rely on non-differentiable target gen-
eration, or do not explicitly leverage the exogenous-dynamics
structure.

We propose a direct optimization framework for long—short
allocation under exogenous dynamics. Modeling rebalancing
as an action-independent MDP where p(siy1 | si,ar) =
p(St4+1 | s¢), each rebalancing decision becomes an indepen-
dent one-step optimization problem. Instead of trajectories,
we perform direct policy optimization by maximizing a dif-
ferentiable log-utility objective: the network outputs portfolio
weights, the realised portfolio log-return is computed from
observed market returns, and randomly sampled steps are
aggregated into mini-batches for backpropagation. This elim-
inates rollouts, value functions, and multi-step credit assign-
ment, enabling faster and more stable training. Our framework
directly optimizes log-utility under a fixed gross-exposure
constraint with /; normalisation, yielding a fully differentiable
end-to-end procedure for long—short allocation that explicitly
exploits the exogenous structure of historical backtesting. To
facilitate reproducibility and future research, we will make our
code and data publicly available upon acceptance.

Contributions. Our main contributions are:

o Structure-aware reformulation. We formalise portfo-
lio allocation under historical training as an exogenous
(action-independent) MDP and reduce learning to single-
step optimization, replacing trajectory-based RL compo-
nents with immediate, low-variance gradient updates.

« Risk-sensitive direct objective. We optimize a growth-
optimal log-utility objective (cumulative log-return) and
incorporate a variance-based regulariser to improve sta-
bility and risk-adjusted performance.

¢ Deterministic long—short policy with exposure con-
trol. We output signed portfolio weights and enforce a
fixed gross-exposure constraint through ¢; normalisation,
> lwi| = 1, yielding a fully differentiable and repro-
ducible allocation rule.

« Temporal-cross-asset architecture for allocation. We
propose a hybrid model combining bidirectional LSTMs,
learnable asset embeddings, and multi-head self-attention
to capture temporal structure and cross-asset interactions
in a manner tailored to allocation rather than forecasting.

« Empirical evaluation across three datasets. We evalu-
ate across three datasets spanning different time periods
and market compositions: DJTA (2009-2019), NASDAQ-



100 (2020-2025), and NASDAQ-30 (2020-2025). We
observe strong risk-adjusted performance and stable op-
timization, and we compare against both trajectory-based
DRL baselines (DeepTrader, AlphaStock) and supervised
learning baselines (DSL with LSTM and Mamba back-
bones), noting that some baseline results are reproduced
from prior work and may not be strictly comparable.

II. RELATED WORK

Portfolio management seeks to maximize expected returns
while controlling risk through dynamic reallocation ([7, 17,
18, 23]). The mean—variance framework ([17]) established
portfolio optimization as a single-period problem, later ex-
tended to multi-period settings ([18, 20]), but these classical
models rely on explicit assumptions about asset dynamics that
are difficult to specify in practice ([10]). Empirical strategies
such as momentum investing ([11]), mean reversion ([2]), and
multi-factor models ([5]) have been widely explored, but often
underperform in changing market regimes. Machine learning
approaches have shown promise: deep learning architectures
such as recurrent and graph neural networks capture temporal
and cross-asset dependencies ([6]), though supervised methods
face challenges in label design and hyperparameter sensitivity
([8]). Reinforcement learning (RL) offers flexibility in reward
design and the ability to directly optimize portfolio weights
([19, 3, 12]), but applying RL in real markets remains difficult
due to non-stationarity, which induces exploration inefficien-
cies and degrades learned policies.

Wang et al. ([24]), in their AlphaStock model, leverage
an LSTM with hierarchical attention to encode asset repre-
sentations from multiple time series and incorporate Cross-
Asset Attention to capture interrelationships among assets.
Building on this, Wang et al. ([25]) proposed DeepTrader,
which combines asset scores and market scores using dedi-
cated scoring modules. The Asset Scoring Unit incorporates
a Temporal Convolutional Network (TCN) augmented with
Spatial Attention for short-term cross-asset dependencies and
a Graph Convolution Layer for long-term dependencies and
industry-wide performance. The Market Scoring Unit synthe-
sizes market-wide indicators to guide the balance between long
and short allocations. Niu et al. ([21]), in their MetaTrader
framework, adopt a similar state representation and contribute
a two-phase meta-learning scheme: a diverse repertoire of
policies is learned via imitation learning, then a meta-policy
is trained through Q-learning to dynamically select the most
effective strategy based on observed market state.

Reinforcement learning provides a natural framework
for portfolio management, as allocation can be directly
represented as a vector of asset weights. Policy-based
methods—such as policy gradient and actor—critic ap-
proaches—have become dominant in this domain. Despite
their flexibility, RL approaches face key challenges: non-
stationarity and noise exacerbate exploration and hinder stable
learning; simplified assumptions regarding execution costs
limit practical applicability; high sample complexity and sen-
sitivity make robust training difficult, raising concerns about

generalisation. Critically, portfolio management environments
exhibit exogenous dynamics—individual trading decisions do
not materially affect subsequent market states—yet existing
methods employ trajectory-based policy gradient algorithms
designed for settings where actions influence future observa-
tions. This mismatch introduces unnecessary complexity and
computational overhead, motivating more direct optimization
procedures.

Recognising these limitations, recent work has explored
alternative paradigms. Kim et al. ([14]) proposed Decision
by Supervised Learning (DSL), which reframes portfolio
construction as a supervised problem. Models are trained
to predict optimal weights using convex surrogate losses
such as cross-entropy, with target portfolios constructed by
maximizing the Sharpe or Sortino ratio. By integrating Deep
Ensemble methods, DSL achieves improved stability and out-
of-sample performance. Kisiel and Gorse ([15]) introduced
the Portfolio Transformer, an end-to-end architecture that
directly optimizes the Sharpe ratio without intermediate re-
turn prediction, outputting portfolio weights that maximize
risk-adjusted performance under transaction costs. Yan ([26])
demonstrated the effectiveness of Transformer networks with
attention mechanisms for portfolio optimization, achieving
superior risk-adjusted returns compared to traditional mean-
variance methods. These supervised and direct optimization
approaches share a recognition that, under exogenous market
dynamics, multi-step credit assignment and trajectory rollouts
can be avoided by treating portfolio allocation as a single-
step decision problem. This paradigm shift aligns with the
structure-aware reformulation proposed in this work, where
log-utility maximization is performed through immediate gra-
dient updates rather than policy gradient estimation over
sequential episodes.

III. METHODOLOGY
A. Problem Setup

1) Trading Procedure: We adopt the trading procedure
established in prior work on deep reinforcement learning
for portfolio management [24, 25, 21] and described in
detail by Wang et al. ([25]). Consider an investment pro-
cess involving both long and short positions. At time step
t — 1, the agent holds a portfolio of long positions bttl =
{o 11,65 15,6 1 ,,} € R™ and short positions b, €
R™, where n is the number of assets. Given the closing prices
pslo € R™ and target allocation a; = [a;;a; ] at time t,
the agent executes the following sequence: (1) at the end of
period t — 1, all long positions bj_l are liquidated to cash; (2)
simultaneously, the borrowed stocks b,_ ; are repurchased and
returned to the broker, yielding available capital ACy; (3) at
the beginning of period ¢, new stocks are borrowed according
to the short allocation a; and capital AC}, and immediately
sold to obtain total cash T'Cl; (4) finally, long positions are
established by purchasing stocks with cash 7'C; according to
the long allocation a;". All components of the short and long
positions are given as percentages of the total capital (see next
section for more details).



This trading procedure can be viewed as a sequential
decision-making task in which the agent observes market state
s¢ at each decision step ¢, produces an allocation action ay,
and receives the subsequent market state s;1.

2) State Representation: The state at each time step ¢ con-
sists of market conditions derived from OHLCV (Open, High,
Low, Close, Volume) data, s, = X; € R"™T*F where T
denotes the number of time steps in the lookback window and
F' the number of features per asset. The state excludes current
portfolio capital, so decisions depend on market information
and normalized weights rather than wealth level; therefore,
weight drift caused solely by capital growth is not an issue.
These features capture the fundamental drivers of asset price
dynamics: momentum and trend indicators enable the model
to identify directional movements, volatility measures quan-
tify uncertainty and risk, while microstructure signals reflect
intraday supply-demand imbalances and liquidity conditions.
The exact features are listed below:

o« Raw price and volume dynamics: log (ﬁ%),
high, —low; close; —open 1 )
cltoset ‘ ’ ofpent : » 108 voll\ll;x)l::nfltJre + E)
e Momentum and trend: EMA3, EMA3,, RSI>, RSIg
o Volatility: oo = Std(Aclose;)y,

e Microstructure and order
close; —low,
high, —low;+¢
a1o(t)

o Other derived features: EMA3(t) —EMAq5(t), T l)E

3) Action Space: At each time step ¢, the action is a
portfolio allocation vector a; € R™, where n is the number of
assets, and each element a! € [—1, 1] represents the proportion
of capital allocated to asset 7 (—1 for fully short, 1 for fully
long, 0 for no position), with >, |a| = 1. This Target Order
representation, introduced by Huang ([9]), directly specifies
desired positions rather than individual trades.

4) Reward: The reward at each time step is defined as the
net portfolio gain over a single trading period, accounting for
both asset returns and transaction costs. Let a; € R™ denote
the agent’s allocation vector at time ¢ and r, € R™ the vector
of asset returns realised from time ¢ to ¢ 4+ 1. The return com-
ponent is computed as the inner product a, r;, representing the
weighted portfolio return. In the general turnover-based form,
the penalty is f|la; — a;—1||1; under our trading procedure
(Section 3.1.1), all positions are closed before re-opening so
the pre-trade inventory is zero (a;—; = 0), which simplifies
the penalty to f|la¢||1. The total reward used for training is
then:

close; —VWAP,

flow: closes ’

Ry =a/r — fllad (1)

5) Exogenous-Dynamics MDP and Direct Policy Optimiza-
tion: The portfolio allocation task can be formalized as a
Markov decision process (MDP) with states, actions, transi-
tions, and rewards. However, trading environments exhibit a
critical property: exogenous dynamics. In a general MDP, the
environment dynamics are governed by the transition kernel

p(s' | s,a) =Pr(S; =5"|Si_1=3s, Ai1=a), (2

which explicitly couples the agent’s action to the subsequent
state. In contrast, for portfolio allocation we assume the
agent’s trading volume is small relative to overall market
liquidity. Under this standard assumption [3, 12, 24, 25, 21],
market dynamics are exogenously generated and the transition
distribution simplifies to

p(s' | s) =Pr(S; =5 |S—1 =s), 3)

indicating conditional independence of S; from A;_; given
Si—1. Importantly, actions still affect the instantaneous port-
folio reward through the allocation applied to realized returns,
so there is no conditional independence assumed between
rewards and actions. Even with exogenous transitions, the
learning objective remains sequential because it aggregates
performance over time (e.g., cumulative log-utility).

This exogenous structure has important implications for
policy optimization. Since there is no closed feedback loop be-
tween actions and future states, trajectory-level credit assign-
ment provides limited additional benefit. The entire sequence
of states {s1, s2,...,s7} can be pre-populated from historical
data prior to training. At each time step ¢, the agent observes
s¢, produces an allocation a;, and immediately computes the
realized return R; using a; and the observed next-state returns
r¢. Since each tuple (s¢, at, R;) is conditionally independent
given the state trajectory, we can optimize the policy parame-
ters directly via backpropagation of a differentiable objective,
avoiding trajectory rollouts and reducing reliance on policy-
gradient training heuristics.

We maximize cumulative wealth over multiple periods.
Given realized returns Rq, Ro,..., Ry, the final portfolio
value is:

T
Final Wealth = Initial Wealth x [J(1+ R:) (4)
t=1

To maximize this product, we apply the logarithmic transfor-
mation, which is monotonically increasing and thus preserves
the optimal solution:

T T
1 = log(1 .
arg max H( + R;) = arg max Z og(l+ Ry). (B

t=1 t=1
This transforms multiplicative compounding into an additive
objective—the cumulative log-return—which is numerically
stable and suitable for gradient-based optimization. This for-
mulation is equivalent to maximizing the geometric mean re-
turn and forms the basis of growth-optimal portfolio strategies
(Kelly criterion [13]).

In batch training, we approximate the expectation with the
empirical mean over B samples and add a variance penalty to
control risk:

B
L) = L > log(1+ Ri) + A+ Var(Ly,...,Lg) (6)
=1

1Bl £

where R; is the realized return for sample 7 from Equation 1,
A > 0 is a risk-aversion coefficient, and the variance term is:
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Fig. 1: The proposed network architecture for portfolio
allocation.
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where L; = log(1+ R;) and L = ﬁ Zil L; is the mean
log return. The variance penalty discourages large fluctuations
in per-period log returns, promoting risk-adjusted allocations
and implicitly encouraging diversification.

This direct policy optimization approach confers several ad-
vantages over trajectory-based methods. First, it enables faster
convergence by allowing parameter updates after each single-
step allocation rather than requiring entire trajectory rollouts.
Second, by exploiting the exogenous structure, we optimize
deterministic policies directly via backpropagation, avoiding
high-variance gradient estimates inherent to stochastic policy
gradient estimators. Third, it eliminates the need to tune
trajectory-specific hyperparameters such as episode length,
discount factors, or bootstrapping horizons. By recognizing
that market dynamics are exogenous to agent actions, we
achieve a streamlined, sample-efficient policy optimization
procedure.

B. Framework

1) Framework Overview: Figure 1 illustrates our end-to-
end differentiable policy network mapping market observa-
tions to portfolio allocations. At each time step ¢, the input
consists of sequential market features X; € RA*T>F where
A is the number of assets, T' the lookback window, and F'
features per asset. The model comprises four modules: (1)
a Temporal Encoder captures per-asset time-series patterns
via bidirectional LSTMs; (2) an Asset Embedding layer in-
jects learnable asset-specific representations; (3) an Attention
Block models cross-asset dependencies via multi-head self-
attention; (4) a Portfolio Allocator produces the allocation
vector a; € R* with Z?:l lai| = 1. The entire pipeline is
optimized end-to-end via backpropagation of the log-utility
objective (Equation 6).

2) Temporal Encoder: The temporal encoder processes
each asset’s sequential features independently to extract repre-
sentations capturing time-series dynamics (momentum, trend
reversals, volatility clustering). For asset ¢, the sequence
Xi=(xi1,...,7i1) € RT*F is fed to a bidirectional LSTM

with hidden dimension H and L layers. The bidirectional ar-
chitecture uses both directions only within the fixed historical
lookback window ending at decision time ¢ (no information
beyond ), so no leakage occurs. We extract the final hidden
state:

h;emp — BiLSTM(Xi)last S R2H? (8)

where the factor of 2 arises from concatenating forward
and backward states. Layer normalization and dropout stabilize
training:

h; = Dropout (Layeerorm(h;&mp ). 9

This produces a representation h; € R2H for each asset.

3) Asset Embedding: While the temporal encoder treats all
assets uniformly, portfolios benefit from distinguishing securi-
ties with different characteristics (e.g., technology vs. financial
stocks, high vs. low volatility). We introduce learnable asset
embeddings providing asset identity information independent
of market features. For each asset ¢ € {1,..., A}, a learnable
embedding e; € R is added to the temporal encoding:

hi = hi + Wee, (10)

where W, € R?H*de projects the embedding to match the
hidden dimension. This allows subsequent layers—particularly
attention—to differentiate assets and learn asset-specific bi-
ases. Embeddings enable the model to encode persistent char-
acteristics (sector affiliation, liquidity profile) not observable
in short-term feature windows.

4) Attention Block: Portfolio allocation involves cross-asset
reasoning: a stock’s attractiveness depends on its own dynam-
ics and on related assets, sector trends, and market sentiment.
We apply multi-head self-attention over the augmented states
H = [h,...,ha] € RA*?H computing pairwise similarity
scores and re-weighting representations:

H™ — MultiHeadAttention(H, H, H), (11)

where queries, keys, and values derive from H. We use
Nj, attention heads to capture diverse interaction patterns
across different subspaces. Residual connections and layer
normalization stabilize gradient flow:

H" = Dropout (LauyerNorm(lffattn + ﬁ)) . (12)

This produces H' € RA*2H where each asset’s repre-
sentation is contextualized by the entire portfolio, facilitating
coordinated allocations.

5) Portfolio Allocator: The final module maps attention-
enriched representations to portfolio allocations. A linear
projection computes raw scores:

zi=w! H™ 4, ,zal € R, (13)

where w € R? and b € R are shared learnable parameters.
To satisfy Zf‘:l la;] = 1 with a; € [—1,1], we apply tanh
activation and L! normalization:

z=z1,...
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The tanh bounds elements to (—1,1) for long-short posi-
tions, while normalization ensures unit total capital commit-
ment; in implementation, the /; norm uses a smooth absolute
approximation (e.g., |z| = vx? + ) for numerical stability.
This deterministic policy eliminates sampling variance, en-
abling stable gradient flow. The entire architecture is fully
differentiable, allowing end-to-end optimization of the log-
utility objective (Equation 6).

IV. EXPERIMENT RESULTS

A. Experiment Setup

1) Datasets: We evaluate our framework across three dis-
tinct asset universes:

DJIA. Daily price and volume data for the 30 constituents
of the Dow Jones Industrial Average obtained from the Stooq
repository (https://stooq.com/), covering January 1970 (or ear-
liest available date) to January 2019.

NASDAQ-100. All members of the NASDAQ-100 index
as described in Kim et al. ([14]), with daily data from
2020 to November 2025. This provides a broader technology-
focused universe for evaluating performance in recent market
conditions.

NASDAQ-30. The top 30 constituents of the NASDAQ-100
index by market capitalization, following the same temporal
coverage (2020-2025) as described in Kim et al. ([14]). This
subset allows evaluation on a more concentrated portfolio of
large-cap technology stocks.

For all datasets, we collect OHLCV fields and compute
the feature set described in Section 3.1, and adopt a rolling
window evaluation protocol: at the beginning of each calendar
year y, the model is trained on data up to year y—2, validated
on year y—1, and tested on year .

2) Comparative Methods: We benchmark our approach
against diverse baselines adapted to each dataset. Common
across all datasets are classical heuristics:

o Market: A passive buy-and-hold strategy on equally

weighted portfolio constituents.

o BLSW ([22]): Buying losers and selling winners, a mean-

reversion strategy capable of shorting.

e CSM ([11]): A cross-sectional momentum strategy that

ranks assets by recent performance.

For the DJIA dataset, we additionally compare against
trajectory-based deep reinforcement learning methods: Deep-
Trader ([25]) and AlphaStock ([24]), both described in
Section 2. We report results as provided in Wang et al. ([25]);
minor protocol differences may affect direct comparability.

For the NASDAQ-100 and NASDAQ-30 datasets, we com-
pare against supervised learning baselines: DSL-L and DSL-
M (Decision by Supervised Learning with LSTM and Mamba
backbones, respectively, described in Section 2). We report
results as provided in Kim et al. ([14]); minor protocol
differences may affect direct comparability.

B. Evaluation Results

Table I summarizes out-of-sample performance across all
three datasets, supporting the effectiveness of direct log-utility
optimization under the exogenous-dynamics assumption.

DJIA (2009-2019). Our framework achieves the highest
annualized return (APR = 0.178) and strongest Sharpe ratio
(ASR = 0.954). Relative to the reported trajectory-based
RL baselines, our approach attains higher APR and ASR
while maintaining competitive risk (Table I). DeepTrader
achieves the lowest maximum drawdown (MDD = 13.7%)
and highest Sortino ratio (SoR = 0.553), while AlphaStock
attains the lowest volatility (AVOL = 0.123). Our framework
incurs moderate volatility (AVOL = (.186) and drawdown
(MDD = 15.4%), closely matching DeepTrader’s drawdown
while achieving higher returns.

NASDAQ-100 (2020-2025). Our framework achieves
APR = 0.331 and ASR = 1.41, outperforming supervised
learning baselines DSL-L (APR = 0.113, ASR = 0.219)
and DSL-M (APR = 0.146, ASR = 0.453). These results
highlight the benefit of direct log-utility optimization under
the exogenous-dynamics assumption relative to target-based
supervised allocation. Our framework also outperforms the
passive Market strategy (APR = 0.232, ASR = 1.15).

NASDAQ-30 (2020-2025). Our framework achieves the
highest return (APR = 0.480), while the Ours-NA variant
(without spatial attention) achieves the best risk-adjusted per-
formance (ASR = 1.47, SoR = 0.756). This indicates a
return—risk trade-off: attention can increase returns but may
amplify drawdowns in concentrated universes. Nevertheless,
our full framework exceeds DSL-L (APR = 0.380, ASR =
0.988) and DSL-M (APR = 0.249, ASR = 0.602).

Figure 2 shows cumulative wealth trajectories across the
three datasets. Our method exhibits strong long-term com-
pounding and performs competitively relative to the evaluated
baselines, consistent with the summary metrics in Table I.

Training efficiency. Our approach converges in 20 epochs
in our setup. By leveraging the exogenous-dynamics structure
and optimising the objective directly via backpropagation, we
eliminate trajectory rollouts and reduce optimization variance,
yielding stable training across all three datasets.

C. Ablation Study

The ablation results in Table I and Figure 3 allow us to
disentangle the influence of key architectural components:
asset embeddings that provide each ticker with a learnable
identity vector, spatial self-attention that models cross-asset
dependencies, and variance penalty that stabilizes returns and
controls risk.

Effectiveness of asset embeddings. Removing asset em-
beddings (Ours-NE) degrades performance across all datasets.
On DJIA, APR decreases from 0.178 to 0.108 and ASR from
0.954 to 0.524, with similar drops on NASDAQ-100 (APR:
0.331 — 0.278) and NASDAQ-30 (APR: 0.480 — 0.278).
This indicates that explicit asset identity information is im-
portant for learning effective allocation policies.



DJIA (2009-2019) NASDAQ-100 (2020-2025) NASDAQ-30 (2020-2025)

Algorithm APR AVOL MDD ASR SoR | APR AVOL MDD ASR SoR | APR AVOL MDD ASR SoR
Ours 178 186 154 954 409 | .331 235 27.3 141 .618 | .480 395 60.0 .21 515
Ours-NA 125 222 31.1 564 222 | 265 209 273 127 520 | 472 321 28.7 147  .756
Ours-NE .108 207 372 524 223 | 278 .229 27.3 121 551 278 212 27.5 1.31  .556
Ours-NEA .061 254 384 242 113 | 256 206 273 124 504 | 257 255 324 1.01 362
Ours-NRT 138 198 23.6  .697 289 | 277 225 27.3 123 584 | 410 373 64.3 1.10  .369
DeepTrader | .094 150 13.7  .631 .553 - - - - - - - - - -

AlphaStock | .067 123 21.8 541 466 - - - - - - - - - -

DSL-L - - - - - 113 518 56.7 219 215 | 380 384 342 988 471
DSL-M - - - - - .146 324 332 453 251 .249 414 46.5 602 351
CSM .003 .250 24.5 .010 .109 | .107 242 21.6 444 331 | -117 129 522 -905 -298
BLSW .039 .255 37.5 152 325 | -116 159 594  -728 -262 | .076 129 23.6 591 348
Market .093 .162 18.7 577 A55 | 232 202 28.8 1.15 580 | .285 214 29.6 1.34 608

TABLE I: Performance metrics across three datasets. APR =

Annualised Percentage Return, AVOL = Annualised Volatility,

MDD = Maximum Drawdown (%), ASR = Annualised Sharpe Ratio, SoR = Sortino Ratio. Best performance per dataset in
bold. Empty cells (—) indicate baselines not evaluated on that dataset.
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Fig. 2: Cumulative wealth trajectories across three datasets: DJIA (2009-2019), NASDAQ-100 (2020-2025), and
NASDAQ-30 (2020-2025). Our framework shows strong long-term wealth accumulation across the evaluated datasets.
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Fig. 3: Ablation study: Cumulative wealth curves for different framework variations across all three datasets (DJIA,
NASDAQ-100, and NASDAQ-30), highlighting the impact of discussed key architectural components on long-term
performance.

Effectiveness of spatial attention. Disabling spatial atten-
tion while retaining embeddings (Ours-NA) shows dataset-
dependent effects. On DIJIA, performance decreases (APR:
0.178 — 0.125) and drawdown increases (15.4% — 31.1%).
On NASDAQ-100, the impact is modest (APR: 0.331 —
0.265). On NASDAQ-30, Ours-NA achieves the best risk-
adjusted performance (ASR = 1.47, SoR = 0.756) with lower
drawdown (28.7% vs. 60.0%), suggesting a return—risk trade-
off for attention in concentrated universes.

Combined effect. Disabling both embeddings and atten-
tion (Ours-NEA) yields the weakest performance across all
datasets. On DIJIA, this configuration underperforms most
baselines (APR = 0.061, ASR = 0.242), highlighting the com-
plementary roles of embeddings (asset-specific representation)
and attention (cross-asset interaction).

Effectiveness of variance penalty. Removing the variance
regularization term (Qurs-NRT, setting A = 0 in Equation 6)

worsens downside-risk metrics and reduces returns. On DJIA,
MDD increases from 15.4% to 23.6%; on NASDAQ-30, from
60.0% to 64.3%. This supports the role of the variance penalty
in improving stability and risk-adjusted performance.

V. CONCLUSION

This work introduced a direct policy optimization frame-
work for portfolio allocation under exogenous-dynamics as-
sumptions that maximizes log-utility through single-step re-
balancing decisions. Under the common price-taker setting,
market transitions are independent of agent actions, enabling
direct backpropagation of a regularized log-utility objective
to produce deterministic long—short allocations under a fixed
gross-exposure constraint. Our architecture combines bidirec-
tional LSTMs for temporal pattern extraction, learnable asset
embeddings for asset-specific structure, and multi-head self-
attention to model cross-asset dependencies.



We evaluated across three datasets spanning different market
regimes and asset universes. Results show strong risk-adjusted
performance across the evaluated datasets and competitive out-
comes relative to both trajectory-based RL baselines on DJIA
and supervised learning approaches on NASDAQ datasets,
with baseline comparability noted where results are repro-
duced from prior work.

The ablation study indicates that asset embeddings, atten-
tion, and the variance penalty each contribute to performance
and stability. Future work includes evaluation on higher-
frequency data and incorporating more realistic friction models
such as market impact and slippage in settings where liquidity
constraints become material.
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