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Abstract

Retirement portfolios under regular withdrawals face sequence-of-returns risk:
early losses can exhaust capital even when average returns are adequate. We
examine whether regime-switching dynamic asset allocation mitigates this risk
for a 60/40 stock-bond portfolio, and whether deep learning identifies regimes
better than classical econometrics. Five models (a Markov-switching model, a
multivariate and a univariate Gaussian hidden Markov model, an LSTM, and an
encoder-only Transformer) are compared under identical data, tuning, and walk-
forward validation. Their signals, net of transaction costs, feed 10,000 stationary-
bootstrap retirement paths in three withdrawal scenarios. At 4.0% the MSM, the
univariate HMM, and the LSTM cut the depletion rate from 3.30% to 0.57%,
0.60%, and 0.60% with disjoint Wilson intervals; at 6.0% only the LSTM reduces
it (17.01% against 33.04%), the univariate filters raising it to about 49% as
their return sacrifice becomes the dominant ruin cause, and the multivariate
HMM raising it in every scenario. Only the econometric models turn defensive
in all five crisis windows; neither network identifies regimes more accurately,
and the LSTM holds the highest median terminal capital by staying invested
rather than by timing regimes. Classification quality and search diagnostics do
not predict decumulation value. Regime-switching allocation in decumulation is
a state-contingent tail hedge: model choice determines the protected risk profile,
and above a critical withdrawal rate the premium exceeds the payout.
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1 Introduction

Pay-as-you-go pension systems in aging societies face sustained demographic pressure,
and a growing share of retirement income must be financed from individually accu-
mulated capital (Organisation for Economic Co-operation and Development, 2024).
Market risk thereby shifts into the decumulation phase, in which households withdraw
from a portfolio instead of contributing to it. Under regular withdrawals, portfolio
outcomes become path dependent: two return sequences with an identical mean can
produce sharply different terminal wealth and ruin probabilities, because losses real-
ized early in retirement interact with continued withdrawals and permanently shrink
the capital base from which any recovery must compound (Pfau, 2013; Soni, 2024).
This sequence-of-returns risk (SORR) is invisible to mean-variance summary statistics
and only partially addressed by withdrawal-side rules such as the 4% rule of Bengen
(1994). On the allocation side, the 60/40 stock-bond portfolio is the conventional refer-
ence allocation for retirement decumulation. Its risk containment, however, rests on a
negative stock-bond correlation that is itself regime dependent: during the 2022 mon-
etary tightening both asset classes lost value simultaneously, and the diversification
underlying the 60/40 design failed precisely when it was needed (Siki¢, 2025).

A static allocation cannot respond to such state changes by construction; it holds
the same risk exposure in a calm bull market and in the early stage of a drawdown
that may be irreversible for a decumulation portfolio. Regime-switching models offer
a data-driven alternative. Following Hamilton (1989), returns can be described as
realizations of a small number of latent market regimes, and regime inference matters
for portfolio choice (Ang & Bekaert, 2004). Regime-switching dynamic asset allocation
(DAA) operationalizes this idea: a model estimates the probability of a bear regime,
and the portfolio moves into a risk-free asset whenever this probability exceeds a
threshold. Economically, such a strategy acts as insurance against bear phases arriving
early in retirement, paying a premium in transaction costs and missed recoveries in
exchange for a thinner ruin tail.

Whether this insurance works, and which model class provides it best, sits at the
intersection of three literatures that rarely meet. The SORR literature concentrates
on withdrawal rules and partial annuitization while keeping the allocation essentially
static (Bengen, 1994; Clare et al., 2021; Soni, 2024). The regime-based allocation
literature documents drawdown reduction from regime and trend signals (Li & Mulvey,
2021; Shu et al., 2024), and the deep learning literature nonlinear forecasting gains
(Fischer & Krauss, 2018; Taneva-Angelova & Granchev, 2025), but both evaluate on
single historical backtests, without withdrawal dynamics or ruin measures. To our
knowledge, no study has compared econometric and deep learning regime models under
identical conditions using decumulation-native outcome metrics.



This paper addresses that gap along two research questions. RQI: Does regime-
switching DAA reduce the ruin probability of a 60/40 portfolio in the decumulation
phase? RQ2: Do deep learning models identify regime switches more accurately than
classical econometric models, and does higher classification quality translate into better
decumulation outcomes? Ruin is measured by the depletion rate, the share of simulated
paths on which capital is exhausted, with maximum drawdown (MDD) as a secondary
metric.

We compare five regime models under fully identical conditions: a Markov-
switching model (MSM), a multivariate Gaussian hidden Markov model (HMM), a
univariate HMM included as an ablation, a long short-term memory network (LSTM)
(Hochreiter & Schmidhuber, 1997), and an encoder-only Transformer (Vaswani et
al., 2017), the latter two trained on Pagan-Sossounov bull/bear labels (Pagan &
Sossounov, 2003). All models emit daily bear-regime probabilities for a 60/40 S&P
500/long-term Treasury portfolio over 1990 to 2026 and are validated in a walk-forward
design (10-year training and 12-month test windows; 26 folds spanning 25.7 out-of-
sample years), with hyperparameters tuned on development folds only. The resulting
allocation signals, net of transaction costs, feed a retirement simulation of 10,000
stationary-bootstrap return paths (Politis & Romano, 1994) in each of three with-
drawal scenarios, evaluated with Wilson confidence intervals on depletion rates and
paired Wilcoxon tests on path-wise outcomes.

Three findings emerge. First, regime-switching DAA reduces ruin risk condition-
ally on the withdrawal rate rather than on the model class: at 4.0% the univariate
econometric filters cut the benchmark’s depletion rate by a factor of five to six, at
6.0% they raise it by about half, as their return sacrifice becomes the dominant ruin
cause. Second, the two networks separate: the LSTM lowers the depletion rate in all
three scenarios and holds the highest median terminal capital, but by staying invested
rather than by timing regimes, whereas the Transformer reacts late or not at all in the
recent crisis windows and exceeds the benchmark’s depletion rate at the two higher
rates. Third, classification quality and search diagnostics do not predict decumulation
value: the model with the field’s best-equal precision-recall ranking and its best search
diagnostics ranks second worst on depletion. Regime-switching DAA is therefore a
state-contingent tail hedge bounded by the withdrawal rate.

The paper makes four contributions. First, it provides the first systematic compar-
ison of econometric and deep learning regime models in a decumulation setting under
identical conditions. Second, it delivers distribution-level evidence, based on 10,000
bootstrap paths per scenario with formal inference, for the withdrawal-rate dependence
of the tail-versus-median asymmetry of regime-based allocation. Third, the univariate
HMM ablation disentangles architecture effects from feature-set effects and overturns
the intuition that richer multivariate inputs improve regime detection; it also shows
the two univariate specifications to be one piece of evidence rather than two, agreeing
on 99.75% of out-of-sample days. Fourth, the complete pipeline, from data ingestion
to evaluation, is released as an open-source artifact for replication and extension.

The remainder of the paper is organized as follows. Section 2 reviews related work
on regime identification, deep learning for financial time series, and SORR. Section 3
describes the data, the five models, the walk-forward and tuning protocol, and the



retirement simulation. Section 4 reports classification quality, crisis-window perfor-
mance, depletion results, and robustness checks. Section 5 discusses mechanisms,
implications, and limitations, and Section 6 concludes.

2 Related Work

Econometric regime models form the established reference paradigm for regime-based
asset allocation. Building on the Markov-switching framework of Hamilton (1989) and
the hidden Markov model with its standard estimation machinery (Rabiner, 1989), a
substantial body of work shows that latent bull and bear states can be estimated reli-
ably enough to yield economically exploitable allocation signals (Arimond et al., 2026;
Fons et al., 2021; Wang et al., 2020). Collin-Dufresne et al. (2020) find that actively
timing volatility and liquidity regimes dominates static strategies, and Erlwein-Sayer
et al. (2020) show that filter-based HMM portfolios can beat buy-and-hold bench-
marks when time-varying correlations are modeled explicitly. Closest to our allocation
design, Shu et al. (2024) report a reduction of the maximum drawdown from 55%
to 27% relative to a passive benchmark using regime signals from a statistical jump
model. The limits of the paradigm are equally well documented: parametric distribu-
tional assumptions, delayed reactions to abrupt nonlinear breaks (Agal et al., 2025;
Jung et al., 2022), and unstable transition-probability estimates in turbulent phases
(Dua & Tuteja, 2021). Throughout this literature, performance is measured with
accumulation-oriented metrics on single historical backtests.

The deep learning literature follows a trajectory from recurrent to attention-based
architectures. LSTM networks established the case for deep learning in financial pre-
diction (Fischer & Krauss, 2018), and recent variants combine them with differentiable
risk-budgeting layers, reporting drawdown reductions of around 40% against classi-
cal methods (Agal et al., 2025). Comparative evidence is mixed, however: Taguchi
et al. (2022) find that econometric regime models capture market structure better
while recurrent networks predict returns more accurately. Transformer architectures
are the current focus. Taneva-Angelova and Granchev (2025) report the lowest
volatility-forecasting errors and the strongest generalization across structural breaks
for Transformer models, and Song et al. (2025) find that an adaptive Transformer
framework outperforms ARIMA and GARCH benchmarks by a wide margin. Two
caveats recur: deep models risk memorizing historical idiosyncrasies rather than gen-
eralizable regime structure (Kumar et al., 2026; Rahaman, 2026), and results are
sensitive to hyperparameter choices (Agal et al., 2025). A smaller hybrid strand com-
bines both paradigms, for example recurrent networks that learn no-trade zones around
HMM allocations (Li & Mulvey, 2021), HMM-based allocation within a generative
forecasting framework (Oliveira & Costa, 2025), and jump models combined with
gradient boosting for crash protection (Shu et al., 2025). These are isolated model
combinations, though: systematic comparisons of the econometric and deep learning
paradigms under identical data, labels, and backtest protocols remain rare, and none
of the cited studies evaluates regime signals in a decumulation setting.

The SORR literature, by contrast, engages directly with the decumulation problem
introduced in Section 1 but treats the allocation as essentially given. Its instruments



are withdrawal rules and insurance products: revisions of the 4% rule showing that
static withdrawal rates raise ruin risk under changed market conditions (Leggio et al.,
2024), dynamic withdrawal schemes that match observed retiree behavior (Kieren &
Weber, 2022), and partial annuitization as a buffer against early losses (Soni, 2024).
Clare et al. (2021) are an exception on the allocation side, showing that trend-following
filters reduce drawdowns and stabilize sustainable withdrawal rates, extended to the
full life cycle in Clare et al. (2025). Common to these approaches is that they respond
to SORR through time (glide paths), rules (withdrawal rates), or products (annuities),
without using the current market state as an input. Jung et al. (2022) provide the
only regime-based exception, an HMM framework for surplus optimization in occupa-
tional pension plans, which targets institutional funding ratios rather than household
ruin risk. Model-based regime identification combined with withdrawal dynamics and
formal inference on ruin probabilities is, to our knowledge, absent from this strand.

A final issue cuts across the supervised branch of the comparison: bull and
bear regimes have no unique ground truth. Rule-based dating algorithms such as
Pagan and Sossounov (2003), which adapt the Bry-Boschan business-cycle dating
(Bry & Boschan, 1971) to financial prices, impose minimum phase lengths and
amplitudes; threshold-based criteria such as Lunde and Timmermann (2004) trigger
regime changes on cumulated returns; business-cycle chronologies like the NBER'’s
date the real economy rather than the market, and even their real-time reproduction
is nontrivial (Chauvet & Piger, 2008; Harding & Pagan, 2002). The choice among
these constructs determines which crises exist in a supervised training signal at all;
minimum-duration filters, in particular the four-month minimum phase used below,
can exclude short, V-shaped crashes by construction. This construct dependence is
directly relevant for the deep learning results reported in Section 4.

Relative to these strands, the present study differs in three respects. First, it com-
pares five regime models spanning both paradigms under fully identical conditions:
the same data, the same label definition for the supervised models, the same walk-
forward protocol, tuning budget discipline, and cost assumptions. Second, it evaluates
the resulting strategies with decumulation-native metrics, at the level of the outcome
distribution and with formal inference, rather than with accumulation metrics on the
single realized history. Third, it links classification quality, signal dynamics, and port-
folio outcomes within one design, including an ablation that separates architecture
effects from feature-set effects. The study thereby connects the regime-allocation, deep
learning, and SORR strands whose intersection the literature has left unoccupied.

3 Data and Methodology
3.1 Data

The empirical basis consists of daily adjusted closing prices from Yahoo Finance,
retrieved through the yfinance interface, version 1.5.1 (Aroussi, 2026), and covering
January 2, 1990 to July 31, 2026, or 9,211 trading days after cleaning. The universe is
restricted to the two instruments of the benchmark introduced in Section 1, the S&P
500 index ("GSPC) for equity and the Vanguard Long-Term Treasury Fund (VUSTX)
for long-duration bonds, with the 13-week Treasury bill rate ("IRX) as the risk-free



rate and the return on cash, and the CBOE Volatility Index ("VIX) and the 10-
year Treasury yield ("TNX) entering the feature set only. The feature frame supplied
to the models begins on October 16, 1990 and holds 9,012 rows, because the 200-
day moving average consumes the earliest observations. The sample spans multiple
complete market cycles, including the five crisis windows of Section 3.5; the two-asset
design isolates the effect of the regime signal on the allocation decision.

Daily log returns are computed on adjusted closes, r; = In(A;/A;_1). The bench-
mark return is r?0/40 = 0.6775PC 4 0.47/USTX with constant weights, and the cash
position accrues at r§*" = In (1 + IRX, /(100 - 252)). From these series, six model fea-
tures are derived: the 60/40 log returns, a 10-day rolling mean return as momentum,
the normalized distance to the 200-day simple moving average, the 20-day rolling
standard deviation of returns, the VIX, and the term spread, defined as the 10-year
minus the 3-month yield. Pairwise Pearson correlations stay below |r| = 0.6 for all
feature pairs except realized versus implied volatility (r = 0.80), and the term spread
is nearly orthogonal to all other features (maximum |r| = 0.14). The implications of
the collinear volatility block for the multivariate HMM are taken up in Section 4.

Table 1 reports descriptive statistics and augmented Dickey-Fuller (ADF) tests.
The return series show the familiar deviations from normality, with excess kurtosis
between 4.5 and 10.9 and negative skewness for the equity and portfolio returns, which
motivates the drawdown- and downside-oriented evaluation metrics used later. The
ADF test rejects a unit root for all return series and the VIX; the two yield levels are
non-stationary but enter the feature set only through their difference. Gaps caused
by diverging publication calendars of the level series are forward-filled, and two rows
without a fill anchor are dropped at the sample start.

Table 1 Descriptive statistics and augmented Dickey-Fuller (ADF) tests of the daily series,
January 2, 1990 to July 31, 2026

Series Mean SD Min Max Skew. Ex. kurt. ADF P
S&P 500 returns  0.00033 0.01135 —0.1277 0.1096 —0.36 10.86 —17.56 < 0.001
VUSTX returns  0.00021 0.00725 —0.0605 0.0654 —0.03 452 —18.72 < 0.001
60/40 returns 0.00028 0.00688 —0.0662 0.0584 —0.28 7.65 —21.01 < 0.001
VIX (level) 19.45 7.74 9.14  82.69 2.21 8.75 —-7.32 < 0.001
10Y yield (level) 4.25 1.93 0.50 9.09 0.33 —0.63 —2.34 0.161
3M yield (level) 2.72 2.20 —0.11 7.99 0.19 —1.25 —2.35 0.157

Note: Returns are daily log returns on adjusted closing prices; the VIX is in index points and yields
are in percentage points. N = 9,211 trading days. ADF: test statistic against a 5% critical value of
—2.86; the null hypothesis is a unit root. Data: Yahoo Finance.

An automated quality gate governs ingestion. Observed coverage against a week-
day calendar is at least 96.2% per series with a maximum gap of one trading day,
consistent with exchange holidays rather than data loss; raw missing-value shares stay
below 0.5% per series; and the largest daily moves coincide with documented cri-
sis days, supporting the plausibility of the adjustment chain. Yahoo Finance allows



license-free reproduction of the entire pipeline; its residual measurement risk relative
to commercial vendors is a limitation (Section 5).

3.2 Regime identification models

All five models solve the same task: at each trading day ¢, they map the informa-
tion available up to t to a probability p; = P(S; = bear | F;) for a binary regime
variable S; € {bull, bear}. The two-regime space is deliberate. It matches the binary
risk-on/risk-off character of the allocation decision in decumulation and avoids the
fragmentation of finer regime partitions. Each probability stream is converted into an
allocation signal by a model-specific threshold 6: the portfolio switches to the defen-
sive position when p; > 6. The threshold is treated as a hyperparameter and tuned
jointly with each model (Section 3.3) rather than fixed at 0.5, which places models
with differently calibrated probability scales on an equal footing.

The Markov-switching model follows Hamilton (1989) as a two-state specification
with switching mean and switching variance, estimated on the univariate 60/40 return
series:

rfo/4O=Mst+5t, er ~N(0,0%,), P(S; =j | Si—1 = 1) = pij. (1)

The switching variance is essential given the volatility clustering documented in
Section 3.1. Within each training window, the bear regime is identified as the state
with the larger estimated variance, using training parameters only. Out-of-sample
probabilities are filtered probabilities P(S; | r1,...,r:) from the forward recursion;
smoothed probabilities are never used, so the signal at day ¢ contains no look-ahead.
The hidden Markov model shares the latent first-order Markov chain but emits a
multivariate observation vector with Gaussian emissions (Rabiner, 1989):

/
x¢ | Si =k ~ N (g, 2x), X, = (rfo/40, VIX,, Spreadt) , (2)

where 3 is state specific and restricted to be diagonal, selected by the hyperpa-
rameter search over full, diagonal, and tied variants. The feature subset combines
price dynamics, implied volatility, and the macroeconomic term spread. Estimation
uses the Baum-Welch algorithm on observations scaled by median and interquartile
range fitted on the respective training window, with ten random restarts per training
window, keeping the fit with the highest training likelihood to tame the initializa-
tion sensitivity of expectation maximization; the same restart count applies inside
the hyperparameter search. The bear state is identified as the state whose training
days exhibit the higher realized return volatility under the decoded state sequence,
again using training information only, which keeps the rule identical across covari-
ance parametrizations and specifications; filtered inference follows the MSM protocol,
with the training window serving as burn-in context for the forward pass on the test
window. The univariate HMM ablation is identical in every respect except that the
observation vector reduces to the 60/40 return, which is exactly the input space of the
MSM; it fixes a state-specific variance and searches only the threshold (Appendix A).



The resulting design separates architecture from information: MSM against univariate
HMM, and univariate against multivariate HMM.

The two deep learning models are trained as supervised classifiers on rule-based
bull/bear labels generated by the Pagan and Sossounov (2003) dating algorithm from
the S&P 500 price path (8-month turning-point window, 4-month minimum phase, 16-
month minimum cycle, with the standard 20% amplitude override). Pagan—Sossounov
is an ex-post algorithm whose centered window revises recent labels once later prices
arrive. Labels are therefore recomputed at each fold cutoff from the history avail-
able through it and aligned to the training window, so no test-period price enters a
training target; this changes 628 fold-training rows relative to one label series com-
puted on the full sample. Six candidate schemes (MSM- and HMM-implied states,
Pagan—Sossounov, peak-to-trough, Lunde-Timmermann, and the NBER chronology)
were compared ex post on the full sample, as a descriptive diagnostic rather than as
the training construction. The three rule-based schemes agree closely with each other
and with the NBER chronology (Pagan—Sossounov £ = 0.56 on 91% of days, peak-
to-trough 0.57 and 91%, Lunde-Timmermann 0.50 and 90%), so the choice within
this near-congruent block does not drive the outcome; Pagan—Sossounov was taken
from it as the established market-dating algorithm with explicit duration and ampli-
tude criteria. HMM-implied labels were rejected for fragmentation (64%, x = 0.21);
Appendix B reports the full matrix. Both networks receive the same six features of
Section 3.1, scaled by median and interquartile range fitted on the respective train-
ing window only; the sequence length is a tuned hyperparameter and differs between
them (100 trading days for the LSTM, 220 for the Transformer). Both are trained
with a class-weighted binary cross-entropy whose positive-class weight \/nbun/nbear
compensates the scarcity of bear days while damping the overweighting a linear cor-
rection would induce (Arimond et al., 2026), and both emit a bear probability that is
thresholded exactly like the econometric ones.

The LSTM (Hochreiter & Schmidhuber, 1997) serves as the recurrent baseline,
in the role it has established in financial prediction (Fischer & Krauss, 2018): two
stacked LSTM layers of 32 and 256 units with dropout of 0.25, followed by a dense
sigmoid head. The Transformer implements an encoder-only architecture (Vaswani et
al., 2017): a linear projection of the six-dimensional input into an embedding space of
dimension 128, sinusoidal positional encoding, four encoder layers with eight attention
heads and a feed-forward width of 32, dropout of 0.05, and a linear head on the
representation of the final time step. All architecture sizes, window lengths, learning
rates, and thresholds are outcomes of the hyperparameter optimization described in
Section 3.3; search spaces and final configurations are reported in Appendix A.

3.3 Allocation rule, backtesting, and hyperparameter
optimization

The allocation rule is binary. On a defensive signal (p; > ), the portfolio holds 100%
cash accruing 7§2"; otherwise it holds the full 60/40 mix. Signals are executed with a
delay of one trading day, so the position on day t+ 1 reflects only information available
at t. Each switch incurs an assumed transaction cost of 10 basis points of portfolio
value; the sensitivity of all results to this parameter is examined over a range from



0 to 200 basis points in Section 4.4. Out-of-sample evaluation follows a rolling walk-
forward protocol (Figure 1): a 10-year training window, the subsequent 12 months as
the test window, and a 12-month step, yielding 26 non-overlapping test windows from
October 2000 to July 2026 (6,484 trading days, 25.7 years). All five models, including
their labels, scalers, and bear-state identification, are re-estimated in every fold on
the respective training window (Section 3.2). The deep learning models additionally
warm-start from the previous fold’s weights for ten epochs and average the predicted
probabilities of five independently seeded trainings per fold, which dampens retraining
variance; each fold then trains under a model-specific epoch budget (30 for the LSTM,
50 for the Transformer) with early stopping on validation loss at a patience of five.

development period: folds 1-16 (tuning, test windows until Dec 2016) holdout: folds 17-26
D 19]

ot-com GFC E COVID 2022

10

Fold

15

20
.
s —
2 —_—

1990 1995 2000 2005 2010 2015 2020 2025
mm  10-year training window 12-month test window (OOS) crisis window

Fig. 1 Walk-forward validation scheme: 26 rolling folds of 10-year training windows and non-
overlapping 12-month out-of-sample test windows, October 2000 to July 2026. The hyperparameter
search observes only the 16 development folds whose test windows end by December 2016 (dashed
line); folds 17 to 26 form the selection-free holdout. Shaded bands mark the five crisis windows of
Section 3.5: the dot-com, GFC, and EU debt crisis windows fall into the development period, while
the COVID crash and the 2022 rate shock lie in the holdout.

Hyperparameters are tuned with Optuna (Akiba et al., 2019) in an inner cross-
validation that reuses the exact fold generator of the final evaluation. The fold
structure makes one departure from common practice necessary: 20 of the 26 test win-
dows contain no bear-market day at all and only two a complete Pagan—Sossounov bear
phase, so a fold-wise median of any metric is nearly blind to crisis behavior. Each trial
therefore concatenates the daily net out-of-sample returns of its folds into one pooled
series and maximizes its Martin ratio, the compound annual growth rate divided by
the Ulcer index (Martin & McCann, 1989). The concatenation is chronologically con-
tinuous: the lagged signal, the portfolio position, and the transaction cost are carried
across fold boundaries, so the pooled evaluation is identical to a single backtest on
the concatenated out-of-sample signal, verified as bit-identical for all five models. The
objective builds its equity path as the exponential of the cumulative pooled log returns,
so neither the growth rate nor the Ulcer index inherits a volatility drag from the return
convention. Because the Ulcer index integrates both depth and duration of drawdowns,



the rare crisis segments drive the selection. The low-dimensional econometric spaces
(the signal threshold, plus the covariance parametrization for the multivariate HMM)
are searched exhaustively on a grid of 36, 108, and 36 configurations, so the selected
configurations are global optima within their grids. The seven- and eight-dimensional
deep learning spaces are searched with a multivariate tree-structured Parzen estimator
under a fixed seed, with 300 trials for the LSTM and 400 for the Transformer, of which
the first 50 and 60 are random exploration. Trial pruning is disabled: a median pruner
would eliminate crisis-protective configurations on the chronologically early, mostly
bullish folds. The LSTM study completed 300 trials and the Transformer 400, none
pruned. The search observes only folds whose test window ends by December 2016,
a development period that includes the dot-com and global financial crises, while the
final walk-forward run applies the frozen configurations to all 26 folds. The COVID
crash and the 2022 rate shock therefore remain selection-free and test generalization
to structurally different crises.

The search is accompanied by four validity diagnostics: a convergence review
combining fANOVA hyperparameter importances with an edge-of-range check, with
bounds widened and re-run wherever an optimum sat on a boundary; an objective-
sensitivity analysis across the candidate metrics (Sharpe, Sortino, Calmar, Ulcer,
maximum drawdown); deflated Sharpe ratios (Bailey & Lépez de Prado, 2014)
together with the probability of backtest overfitting, estimated by combinatorially
symmetric cross-validation (Bailey et al., 2017); and a multi-seed re-evaluation of the
top deep learning configurations. Their outcomes are reported alongside the robustness
results in Section 4.4; search spaces and final configurations are listed in Appendix A.

3.4 Retirement simulation

The walk-forward backtest yields one realized out-of-sample path per strategy. For
SORR, this single path is insufficient: ruin is a tail event whose probability cannot be
inferred from one realization. For each strategy, the 25.7-year series of daily net out-of-
sample returns (transaction costs included) and the accompanying regime signals are
resampled jointly with the stationary bootstrap of Politis and Romano (1994), which
concatenates blocks of geometrically distributed length with a mean of 20 trading days.
Blocks of on average roughly one calendar month preserve the short-range autocor-
relation and the volatility clustering documented in Section 3.1 while still producing
diverse multi-decade histories, and the joint resampling of returns and signals keeps
the two aligned, which the withdrawal mechanics below require. Per strategy and sce-
nario, 10,000 paths of 7,560 trading days (30 years at 252 trading days) are drawn. All
scenario-strategy combinations share one common random stream (common random
numbers), which underpins the paired path-wise comparisons of Section 3.5.

Each path evolves a capital account. Capital compounds with the resampled daily
return, and every 21 trading days a fixed nominal withdrawal is deducted. An assumed
liquidity fee of 0.1% applies to withdrawals taken while the portfolio is invested, reflect-
ing the liquidation of fund shares. Capital is absorbing at zero: once exhausted, a path
remains ruined. The three scenarios in Table 2 span the relevant risk space. Standard
anchors on the 4.0% withdrawal rate of the safe-withdrawal-rate literature; Aggressive
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keeps the same capital at a stressed 6.0% rate; Low Capital combines a reduced capi-
tal base with an intermediate 5.0% rate. The 30-year horizon is the standard of that
literature (Bengen, 1994; Cooley et al., 1998), which keeps the 4.0% anchor directly
comparable and makes ruin observable at plausible withdrawal rates rather than only
at an overstretched one. The withdrawals are deliberately non-adaptive: fixed nominal
amounts isolate the effect of the allocation from the withdrawal-rule effects studied in
the literature of Section 2, and the sensitivity to the withdrawal rate itself is examined
in Section 4.4.

Table 2 Withdrawal scenarios of the retirement simulation

Scenario Initial capital (EUR)  Monthly withdrawal (EUR)  Withdrawal rate (% p.a.)
Standard 500,000 1,666.67 4.0
Aggressive 500,000 2,500 6.0
Low Capital 300,000 1,250 5.0

Note: Fixed nominal withdrawals every 21 trading days over a 30-year horizon (7,560 trading days);
the withdrawal rate is stated relative to initial capital. A liquidity fee of 0.1% of the withdrawal
applies when the portfolio is invested on the withdrawal date.

The primary outcome of the simulation is the depletion rate, the share of the
10,000 paths on which capital is exhausted before the end of the 30-year horizon.
It operationalizes the ruin probability of RQ1 at the level of the outcome distribu-
tion rather than of the single historical realization, and it is the object on which the
inference of Section 3.5 operates. The second outcome, the path-wise maximum draw-
down, is measured on the capital path after withdrawals. A depleted path therefore
registers —100% by construction, and the higher the withdrawal rate, the more the
mechanical outflow dominates the market component. This decumulation drawdown
is not a pure market-risk statistic, which is why it can rank strategies differently from
the maximum drawdown of the realized backtest path in Section 4.1. As a robustness
check, the entire simulation is repeated with the fixed-length moving block bootstrap
of Kiinsch (1989), which draws blocks of constant length of 20 trading days. Across
the 18 scenario-strategy cells, the depletion rate changes by at most 3.88 percentage
points between the two resampling schemes, the sign of every regime model’s depletion
difference against buy-and-hold is preserved in all 15 model-scenario comparisons, and
the ranking by depletion rate is identical in two of the three scenarios; the stationary
bootstrap remains the primary specification.

3.5 Evaluation framework

The two research questions of Section 1 are formalized as one-sided hypotheses at a
significance level of a = 0.05. Both are evaluated in all three withdrawal scenarios and
reported in full, with the Aggressive scenario retained as the pre-registered headline
cell, because the scenario grid spans the range over which the finding changes sign. H1
operationalizes RQ1: regime-switching DAA reduces SORR relative to the buy-and-
hold benchmark. It is evaluated on two levels. At the tail, depletion rates are compared
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through 95% Wilson confidence intervals (Wilson, 1927), which remain calibrated for
proportions near zero where Wald intervals degenerate; disjoint intervals serve as a
conservative sufficient criterion for a significant difference. At the distribution body,
one-sided paired Wilcoxon signed-rank tests (Wilcoxon, 1945) compare the path-wise
maximum drawdowns of each model against buy-and-hold on the 10,000 common-
random-number paths of Section 3.4; these are the decumulation drawdowns defined
there, not market drawdowns, and the paired design removes the between-history
variance component from the comparison. H2 operationalizes RQ2: the attention-
based architecture translates its representational capacity into better decumulation
outcomes. It is tested by one-sided paired Wilcoxon tests on path-wise terminal cap-
ital, comparing the Transformer separately against each competing active strategy
(MSM, multivariate and univariate HMM, and LSTM). Nonparametric tests are cho-
sen because terminal wealth and drawdown distributions are heavily skewed and, on
ruined paths, carry a point mass at zero.

Beyond the hypothesis tests, the evaluation reports three groups of descriptive met-
rics. At the backtest level, annualized performance and risk figures (CAGR, volatility,
Sharpe ratio (Sharpe, 1966), Sortino ratio (Sortino & van der Meer, 1991), max-
imum drawdown, Calmar ratio, Ulcer index, and time to recovery for drawdowns
exceeding 5%) summarize the single realized out-of-sample path; the Sharpe and
Sortino ratios are computed against a zero risk-free rate, since the cash yield already
enters each strategy’s return series through the allocation rule. Signal-dynamics statis-
tics (number of regime switches, share of whipsaws, defined as reversals within five
trading days, and cumulative transaction costs) quantify the economic cost of sig-
nal instability. At the classification level, precision, recall, and F1 scores against the
NBER recession chronology (National Bureau of Economic Research, 2023) provide a
model-independent external reference for regime identification. The chronology enters
through the FRED series USREC of the Federal Reserve Bank of St. Louis, which is a
monthly 0/1 indicator; it is forward-filled to daily frequency and reindexed onto the
trading-day calendar, so every recession day counted in Section 4.1 and Appendix C
is a forward-filled monthly value, and the positive class is aligned to month bound-
aries rather than to daily turning points. Together with the fact that the chronology
dates the real economy rather than the market (Section 2), this is why it serves as
a common yardstick across models rather than as an absolute accuracy measure. At
the crisis level, cumulative return and maximum drawdown are evaluated within five
historical windows chosen to span distinct crisis morphologies, complemented by the
episode-based recovery durations of Section 4.2: the slowly unfolding dot-com bear
market (2000 to 2002), the global financial crisis (2007 to 2009), the externally trig-
gered EU debt crisis episode with its fast recovery (2011), the V-shaped COVID crash
(2020), and the 2022 rate shock, in which equities and bonds fell jointly. Because crisis
metrics are computed on the out-of-sample result path, the dot-com window is trun-
cated at the start of that path, October 16, 2000. The first three windows fall into
the development period of the hyperparameter search, whereas COVID and the 2022
episode lie in the selection-free holdout (Section 3.3); crisis behavior in the last two
windows therefore measures generalization to unseen crisis types.
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4 Results

This section reports the empirical results in the order of the evaluation framework of
Section 3.5: classification quality and signal stability first, then performance in the five
crisis windows, the distribution-level decumulation outcomes, and finally sensitivity
and robustness checks. All figures refer to the 25.7 out-of-sample years of the walk-
forward protocol, net of transaction costs.

4.1 Classification accuracy and signal stability

Table 3 reports precision, recall, and F1 of the daily bear signals against the NBER
recession chronology, pooled over the 26 test windows. The MSM and the univari-
ate HMM detect 92.2% of recession days at a precision of 0.228. The multivariate
HMM pushes recall to 0.985 at precision 0.200, flagging a bear state on 2,886 of the
6,485 classified out-of-sample days against a recession base rate of 9.0%, which is
close to a constant-alarm classifier; the Transformer sits in the same corner (recall
0.980, precision 0.243). The LSTM is the only model with a sparse profile, missing
38% of recession days (recall 0.618) at the highest precision of the field (0.329) and
the highest F1 (0.430). Two patterns stand out. First, the univariate HMM repro-
duces the MSM almost cell by cell (identical F1 of 0.366, confusion counts differing
by four days) and the two agree on 99.75% of all out-of-sample days: the regime
information in the univariate 60/40 return series is architecture-invariant, so the two
specifications are one piece of evidence rather than two, and Tables 4 to 7 report them
separately only for completeness. Augmenting the observation vector with implied
volatility and the term spread, by contrast, degrades classification rather than sharp-
ening it. Second, the low recall of the LSTM is consistent with its training signal: labels
that survive the Pagan—Sossounov minimum-phase filter cover only prolonged bear
phases, so the network learns those episodes and stays silent otherwise (Section 3.2).
The Transformer fails in the opposite direction: its tuned threshold of § = 0.10
(Table A2) produces near-constant bear signaling, so it is not label-constrained but
threshold-degenerate. Threshold-independent ROC and precision-recall curves sepa-
rate the models differently (Appendix C): the ranking above is partly a thresholding
effect.

Table 3 Classification of daily bear signals against the NBER recession chronology, pooled over
the 26 out-of-sample test windows

Model Precision Recall F1 TN FP FN TP
MSM 0.228 0.922 0.366 4,071 1,828 46 540
HMM (multivariate) 0.200 0.985 0.332 3,590 2,309 9 577
HMM (univariate) 0.228 0.922 0.366 4,075 1,824 46 540
LSTM 0.329 0.618 0.430 5,162 737 224 362
Transformer 0.243 0.980 0.389 4,110 1,789 12 574

Note: Positive class: NBER recession days. TN, FP, FN, and TP count trading days. The NBER
chronology serves as a common external yardstick across models, not as an absolute accuracy measure
(Section 3.5).
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Table 4 quantifies signal stability, and the sensitivity of the univariate economet-
ric models carries a substantial price: the MSM switches regimes 324 times, 48.9%
of its phases are whipsaws, the median phase lasts five trading days, and the per-
switch charges cumulate to 32.4 percentage points; the univariate HMM behaves
near-identically. Filtered state probabilities of a daily two-state chain contain no intrin-
sic smoothing mechanism, consistent with the signal instability documented by Dua
and Tuteja (2021). The multivariate HMM switches 129 times with a mean phase of
49.9 days, a 40.0% whipsaw share and 12.9 percentage points of cumulated charges,
so its near-perfect recall is bought with churn rather than with stability. The LSTM
produces the calmest trajectory of the field: 20 switches, no whipsaws, a median phase
of 80 days and 2.0 percentage points of charges. The Transformer sits at the oppo-
site extreme, with 52 switches, the highest whipsaw share of all models (50.9%) and
a three-day median phase, so the smoothing often attributed to sequence models is a
property of the LSTM configuration (100-day window, § = 0.30) rather than of deep
architectures as such. Stability therefore tracks the tuned threshold and the sequence
length rather than the model paradigm.

Table 4 Signal stability of the regime models over the out-of-sample period

Phase (days)

Model Switches Whipsaws Share (%) Mean Median Costs (pp)
MSM 324 159 48.9 20.0 5 32.4
HMM (multivariate) 129 52 40.0 49.9 6 12.9
HMM (univariate) 318 153 48.0 20.3 5 31.8
LSTM 20 0 0.0 308.8 80 2.0
Transformer 52 27 50.9 122.4 3 5.2

Note: Whipsaws are regime phases shorter than five trading days (Section 3.5); Share is the whipsaw
share of all regime phases, that is, of the number of switches plus one. Mean and Median refer to
regime-phase lengths in trading days. Costs are the per-switch charges of 10 basis points summed
over all switches in the 25.7 out-of-sample years, stated in percentage points; they are a sum of cost
rates over time, not a fraction of portfolio value.

Table 5 consolidates both dimensions into the annualized balance of the single
realized out-of-sample path. Despite its cost drag, the MSM delivers the best risk-
adjusted profile of the field: a Sharpe ratio of 0.78 against 0.55 for buy-and-hold, a
maximum drawdown of —10.91% against —35.08%, and an Ulcer index of 3.77 against
9.05. The LSTM is the only active strategy whose CAGR exceeds the benchmark
(6.58% against 5.67%), at intermediate risk; the Transformer falls below it at 4.35%,
and their identical maximum drawdown of —27.71% reflects that both remain fully
invested through the same episode, the 2022 rate shock. The multivariate HMM is
the weakest active strategy on return (CAGR 2.95%, Calmar 0.17) and the Trans-
former the weakest in risk-adjusted terms (Calmar 0.16, Ulcer 7.16), because both pay
switching costs without a return offset. Figure 2 adds the time dimension: the LSTM
tracks the benchmark through the 2002 and 2022 declines and the Transformer only
through 2022, while the benchmark’s deepest drawdown occurs in the global financial
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crisis. Period-aggregated metrics average crisis and calm phases into a single number;
the next subsection therefore disaggregates performance into the five crisis windows.

Table 5 Annualized out-of-sample performance and risk metrics, net of transaction costs, October
2000 to July 2026

Strategy CAGR Vol. Sharpe Sortino MDD Calmar Ulcer
Buy-and-hold 5.67% 11.16% 0.55 0.72 —35.08% 0.16 9.05
MSM 4.59% 6.03% 0.78 0.87 —10.91% 0.42 3.77
HMM (multivariate) 2.95% 5.50% 0.56 0.57 —17.02% 0.17 5.76
HMM (univariate) 4.56% 6.04% 0.77 0.87 —-11.01% 0.41 3.78
LSTM 6.58% 9.53% 0.72 0.87 —-27.71% 0.24 6.36
Transformer 4.35% 7.39% 0.61 0.63 —27.71% 0.16 7.16

Note: CAGR: compound annual growth rate; Vol.: annualized volatility; MDD: maximum drawdown;
Ulcer: Ulcer index in percent. All metrics are computed on the realized walk-forward path of 6,484
trading days (25.7 years).

Drawdown Paths of All Strategies

|
-
o

Drawdown (%)
o
o

I
N
[

I
w
o

Buy_Hold HMM_Uni
— MsM — LST™M
—— HMM Transformer

I
w
o

2000 2004 2008 2012 2016 2020 2024
Date

Fig. 2 Out-of-sample drawdown trajectories of all strategies, October 2000 to July 2026. The uni-
variate econometric strategies (MSM, univariate HMM) remain above roughly —12%, while the deep
learning strategies incur their deepest drawdowns in the 2022 rate shock.

4.2 Crisis performance

Table 6 reports cumulative return and maximum drawdown within the five crisis
windows defined in Section 3.5. The MSM and the univariate HMM produce identical
crisis figures because their first defensive signals coincide in all five windows, consistent
with the 99.75% signal agreement of Section 4.1; they are therefore discussed jointly.

The three slowly unfolding crises differentiate the models most clearly. In the global
financial crisis, every model turns defensive within the first three weeks of October
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Table 6 Crisis-window performance:

cumulative net return and maximum drawdown within each

window

Dot-com GFC EU debt COVID Rate shock
Strategy 2000—2002 2007-2009 2011 2020 2022
Panel A: Crisis return
Buy-and-hold —15.77% —26.99% +4.10% —8.55% —24.20%
MSM —2.45% —2.99% +2.32% +0.73% —6.33%
HMM (multivariate) —1.60% —1.39% +0.01% +0.73% —T7.66%
HMM (univariate) —2.45% —2.99% +2.32% +0.73% —6.33%
LSTM —4.82% —2.35% +4.10% —8.55% —24.20%
Transformer +6.04% —1.74% +4.10% —8.16% —24.20%
Panel B: Maximum drawdown
Buy-and-hold —24.81% —35.08% —7.24% —18.53% —26.98%
MSM —6.22% —4.04% —4.74% —1.81% —8.34%
HMM (multivariate) —8.40% —2.80% 0.00% —1.81% —8.74%
HMM (univariate) —6.22% —4.04% —4.74% —1.81% —8.34%
LSTM —19.02% —19.46% —7.24% —18.53% —26.98%
Transformer —0.08% —4.56% —7.24% —14.25% —26.98%

Note: Window definitions: dot-com,

March 2000 to October 2002; global financial crisis (GFC),

October 2007 to March 2009; EU debt crisis, July to November 2011; COVID crash, February to
March 2020; rate shock, January to October 2022. Crisis metrics are computed on the out-of-sample
path, so the dot-com column effectively starts at its first out-of-sample day, October 16, 2000, rather
than in March 2000. The first three windows lie in the development period of the hyperparameter
search, COVID and the rate shock in the selection-free holdout (Section 3.3). Identical values for
MSM and univariate HMM result from coinciding allocation signals in all five windows.

2007, between 507 and 525 days before the March 2009 trough, and every model beats
the benchmark: the MSM and the univariate HMM cap the drawdown at —4.04%
against —35.08%, while the multivariate HMM posts the best crisis return of the
field (—1.39% against —26.99%), ahead of the Transformer (—1.74%) and the LSTM
(—2.35%). Buy-and-hold needs 780 trading days beyond the trough to recover its prior
peak. In the dot-com window, all five models first signal on the opening out-of-sample
day, October 16, 2000, so the window measures containment rather than detection
speed (Section 3.5). The Transformer stays defensive throughout and ends positive
(46.04%, drawdown —0.08%), the best result of the field, which both its low threshold
and the window boundary favor; the univariate pair contains the drawdown at —6.22%;
the multivariate HMM contains the loss (—1.60%) at a deeper drawdown (—8.40%);
and the LSTM re-enters during the decline and gives back most of the protection
(—4.82%, drawdown —19.02%). In the 2022 rate shock, the univariate econometric
models switch to cash on January 5, 2022, 282 days before the trough, and limit the
drawdown to —8.34%; the multivariate HMM follows on January 18 and limits it to
—8.74%, while both deep learning models remain fully invested through the entire
episode (—24.20% return, —26.98% drawdown, identical to the benchmark).

The two fast episodes expose both sides of the insurance trade. In the COVID
crash, all three econometric models turn defensive on February 24, 2020, 23 days
before the trough, and convert the benchmark’s —18.53% drawdown into a positive
crisis return (40.73%, drawdown —1.81%). The Transformer reacts only on March 13,
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five days before the trough, and takes most of the loss; the LSTM produces no signal
at all. The EU debt crisis episode shows the premium side, because the recovery falls
inside the window: the multivariate HMM spends it entirely in cash (zero drawdown,
but +0.01% against the benchmark’s +4.10%), the univariate models give up part of
the rebound (+2.32%), and the deep learning models, again without a signal, collect
the full benchmark outcome.

The timing pattern behind these outcomes is systematic rather than episodic.
Only the three econometric models turn defensive in every window, including the two
outside the hyperparameter development period, because they respond to shifts in the
return distribution itself and require no labeled precedent: leads before the respective
trough are 645, 525, 4, 23 and 282 days for the univariate pair and 645, 507, 38, 23
and 269 days for the multivariate HMM, so the two specifications differ in cost and
precision rather than in timing. The supervised models protect in the two prolonged,
equity-driven bear markets of their development period, exactly the crisis type their
training labels contain, and the Transformer additionally, late and partially, in the
COVID window. Their silence elsewhere follows the label construction: the COVID
crash never enters the label set because the Pagan—Sossounov minimum-phase filter
censors a 26-trading-day decline, and the 2022 joint equity-bond decline appears in the
labels only after the fact, so no trained pattern was available when it unfolded. The
LSTM’s failures in the holdout windows are therefore at least partly a label artifact
rather than an architecture failure. Whether the observed protection translates into
lower ruin probabilities under withdrawals is a distributional question, which the next
subsection addresses.

4.3 Sequence-of-returns risk reduction

In the outcome distributions of Section 3.4, ruin over 30 years is material at the
Standard scenario’s 4.0% rate: buy-and-hold depletes on 3.30% of paths [2.97, 3.67].
The MSM (0.57%), the univariate HMM (0.60%), and the LSTM (0.60%) cut this by a
factor of five to six with intervals disjoint from the benchmark; the Transformer (2.97%
[2.65, 3.32]) overlaps it; the multivariate HMM raises it to 8.88%. Median terminal
capital ranks them differently: LSTM EUR 1,533,695, buy-and-hold 1,040,838, MSM
643,115, univariate HMM 634,032, Transformer 566,457, multivariate HMM 230,545,
so the defensive filters pay their crisis insurance in foregone compounding.

Figure 3 places the three scenarios side by side. In the Standard and the Low
Capital panel the MSM, the univariate HMM, and the LSTM sit left of the buy-and-
hold reference and the multivariate HMM far to its right; in the Aggressive panel only
the LSTM remains left of it. The ordering relative to buy-and-hold reverses at the
stressed one.

Table 7 quantifies the tail, and the three scenarios do not agree. At the 6.0% Aggres-
sive rate, buy-and-hold depletes on 33.04% of paths and only the LSTM improves on
it (17.01%); the MSM, the univariate HMM, the Transformer, and the multivariate
HMM all exceed it with disjoint intervals. At the 5.0% Low Capital rate the Stan-
dard ordering returns, with the LSTM, the MSM, and the univariate HMM below
the benchmark’s 14.07% and the Transformer and the multivariate HMM above it.
Table 5 identifies the mechanism behind the disagreement: at 6.0% the ruin ordering
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Fig. 3 Depletion rates with 95% Wilson confidence intervals in the three withdrawal scenarios,
10,000 stationary-bootstrap paths per strategy and scenario. The dashed line marks the buy-and-
hold reference of the respective panel.

reproduces the CAGR ordering without exception (LSTM 6.58%, buy-and-hold 5.67%,
MSM 4.59%, univariate HMM 4.56%, Transformer 4.35%, multivariate HMM 2.95%),
whereas at 4.0% it does not. Below a critical withdrawal rate, bracketed between 5.0%
and 6.0% on this sample, the variance reduction of a defensive overlay dominates its
return sacrifice; above it the sacrifice itself becomes the dominant cause of ruin. On
RQ1, H1 at the tail is therefore confirmed for the MSM, the univariate HMM, and
the LSTM at 4.0% and 5.0%, at 6.0% for the LSTM alone, and rejected with reversed
sign for the multivariate HMM everywhere and for the MSM, the univariate HMM,
and the Transformer at 6.0%. The ablation survives in narrower form: the multivariate
HMM is worse than the univariate one in every scenario, so adding implied volatility
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and the term spread to the observation space destroys rather than dilutes the protec-
tion. The wider claim that protection derives from univariate return dynamics does
not survive, because the LSTM protects best at 6.0% on six multivariate features.

Table 7 Depletion rates with 95% Wilson confidence intervals, 10,000 stationary-bootstrap paths
per scenario and strategy

Strategy Standard Aggressive Low Capital
Buy-and-hold 3.30% [2.97, 3.67] 33.04% [32.12, 33.97] 14.07% [13.40, 14.77]
MSM 0.57% [0.44, 0.74] 48.97% [47.99, 49.95] 11.82% [11.20, 12.47]
HMM (multivariate) 8.88% [8.34, 9.45] 89.54% [88.92, 90.12] 51.99% [51.01, 52.97]
HMM (univariate) 0.60% [0.47, 0.77] 49.73% [48.75, 50.71] 12.46% [11.83, 13.12]
LSTM 0.60% [0.47, 0.77) 17.01% [16.29, 17.76] 4.43% [4.04, 4.85]
Transformer 2.97% [2.65, 3.32] 54.89% [53.91, 55.86] 20.18% [19.40, 20.98]

Note: Depletion rate: share of paths on which capital is exhausted before the end of the 30-year
horizon; brackets contain 95% Wilson confidence intervals in percent. Scenario definitions in Table 2.

H2 addresses the opposite end of the distribution, and it is rejected: in all three
scenarios the one-sided paired Wilcoxon tests on path-wise terminal capital confirm the
Transformer only against the multivariate HMM, not against the MSM, the univariate
HMM, or the LSTM. In the headline Aggressive cell the differences in medians are
—9,310 EUR against the MSM (p = 0.951), —1,657 against the univariate HMM
(p = 0.444), and —615,996 against the LSTM (p > 0.999); against the multivariate
HMM both medians are zero and the confirmation (p < 0.001) rests on the path-wise
differences. The first two are failures to reject, not significant reversals; only against
the LSTM is the ordering decisive. The Standard and Low Capital cells repeat the
pattern, and the highest median terminal capital in all three scenarios belongs to
the LSTM. With Section 4.1, the answer to RQ2 is negative on both margins. The
Transformer is not a weak classifier, matching the field’s best precision-recall AUC
(0.40, Appendix C) and its best search diagnostics (Section 4.4); the failure is in
translating ranking quality into allocation value.

The second level of H1, path-wise drawdowns, follows the same rate depen-
dence. Buy-and-hold’s median decumulation drawdowns are —37.53%, —62.00%, and
—43.41% at 4.0%, 6.0%, and 5.0%. Against them the LSTM improves in all three
scenarios (4+9.29, +23.07, +11.75 pp), the Transformer only at 4.0% (+4.23, —38.00,
—13.17 pp), the multivariate HMM in none (—20.91, —38.00, —56.59 pp), and the
MSM and the univariate HMM at 4.0% (4+12.63 and +12.23 pp) but not at 6.0%
(—36.27 and —37.70 pp). At 5.0% the paired test confirms both univariate filters
(p=8.8x10~7 and p = 0.0228) although their medians are 2.51 and 3.84 pp deeper
than the benchmark’s: it compares the path-wise difference distribution under common
random numbers, not the marginal medians. Two properties qualify these verdicts.
The measure is the decumulation drawdown of Section 3.4, so at 6.0% it approaches
a survival test and its ranking there is a perfect rank correlation with the depletion
rates above: H1 and the depletion analysis are one finding there, not two. And it is
not the realized-path maximum drawdown of Section 4.1, near —11% for the MSM,

19



which contains no withdrawals. Two conclusions follow. The protection profile is rate-
conditional rather than asymmetric across model classes, since at sustainable rates the
econometric filters and the LSTM improve both the tail and the typical drawdown,
at the stressed rate only the LSTM does and the filters convert their return sacrifice
into ruin. And the decisive quantity is the joint effect of variance reduction and return
sacrifice. The robustness of these findings to transaction costs, withdrawal rates, and
the resampling scheme is examined next.

4.4 Sensitivity and robustness

Figure 4 varies the 10 basis point cost calibration of the headline results. At zero cost
the MSM and the univariate HMM end above the benchmark multiple of 4.14, and
the crossing lies between 0 and 5 basis points, so already the 10 basis point calibration
converts their signal advantage into the wealth gap documented in Table 5 (multiples
of 3.18 and 3.16). Their entire return disadvantage is thus a churning artifact, whereas
their tail protection at sustainable withdrawal rates, measured net of the same costs,
survives it. The LSTM, switching 20 times in 25.7 years, is nearly cost-invariant and
stays above the benchmark up to roughly 100 basis points, falling below it by 150; the
Transformer, with 52 switches and a 50.9% whipsaw share, is below the benchmark at
every cost level including zero, as is the multivariate HMM, whose gap reflects signal
quality, not execution costs. A causal signal-smoothing layer, a five-day minimum
holding period with a confidence buffer around the threshold, is implemented but
disabled in the headline configuration; the reported results are unsmoothed, and the
churning of the univariate econometric models is a genuine economic property rather
than a post-processing choice.

No strategy exhausts its capital when the realized path is decumulated at 3.5%,
4.0%, and 5.0% with the Standard scenario’s initial capital and liquidity fee. The
LSTM ends above the benchmark at every rate and the Transformer only at 5.0%,
while the ordering between the benchmark and the univariate econometric models
flips with the rate: at 3.5% buy-and-hold retains more terminal capital (EUR 855,415
against 740,590 for the MSM), at 5.0% the relation reverses (334,470 against 376,406).
On a path without a ruin event, where the return sacrifice cannot cause ruin, drawdown
protection gains value with the withdrawal rate; the grid stops below the 6.0% rate
at which the distribution reverses, and with one path observed it complements rather
than replaces Section 4.3.

The validity diagnostics of the search (Section 3.3) do not follow the paradigm
split. The deflated Sharpe ratio is significant at the 5% level for the MSM (0.984),
the univariate HMM (0.980), the LSTM (0.979), and the Transformer (0.996), and
not for the multivariate HMM (0.862). The probability of backtest overfitting is 0.488
for the MSM, 0.484 for the univariate HMM, 0.159 for the LSTM, and 0.091 for the
Transformer, but 0.972 for the multivariate HMM, so the only choice the data flag as
overfit is the multivariate HMM’s. The multi-seed re-evaluation of the top five deep
learning configurations shows the optimism of a best trial without changing the rank-
ing: the LSTM’s best Martin ratio of 2.31 becomes 1.67 4+ 0.11 across five seeds, the
Transformer’s 2.53 becomes 2.26 £0.31. Retraining stability of the deployed configura-
tions, measured on the five-member seed ensemble of the headline run, is high for the
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Break-Even Analysis: Cost Rate vs. Terminal Wealth
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Final wealth (cumulative)

0 25 50 75 100 125 150 175 200
Transaction costs (bps)

Fig. 4 Break-even analysis: final out-of-sample wealth as a multiple of initial capital under vary-
ing transaction-cost levels. The dashed line marks the buy-and-hold multiple of 4.14. Break-even is
reported as the lowest grid cost at which a strategy no longer exceeds the benchmark: 5 basis points
for the MSM and the univariate HMM, 150 for the LSTM, and 0 for the Transformer and the multi-
variate HMM, which stay below the benchmark at every cost level.

econometric models (the MSM deterministic, the univariate HMM at a CAGR coeffi-
cient of variation of 0.003, the multivariate HMM 0.014) and lower for the networks
(LSTM 0.037 with a Martin coefficient of variation of 0.170, Transformer 0.045 and
0.127), so a single deep learning run must not be reported as a point estimate. Under
objective sensitivity, only the LSTM shifts its selected configuration with the candi-
date objective, and the univariate HMM only under the Ulcer index. Taken together,
the selection diagnostics do not predict the decumulation ranking: the best-diagnosed
model, the Transformer, is second worst on depletion and the worst-diagnosed, the
multivariate HMM, is worst, so they identify one failure and miss the other. That is
an argument for evaluating regime overlays on decumulation-native outcomes rather
than on search-quality statistics.

The resampling scheme, finally, does not drive the distributional findings
(Section 3.4): the fixed-length block bootstrap shifts no depletion rate by more than
3.88 percentage points, preserves the sign of every difference against buy-and-hold
in all 15 comparisons, and leaves the ranking identical in two of the three scenarios.
The hierarchy is therefore robust to the resampling scheme and, for the LSTM, to
the cost calibration, but not to the withdrawal rate, which is the substantive result
of Section 4.3 rather than a robustness failure. The next section discusses what these
regularities imply for regime models in decumulation portfolios.

5 Discussion

Regime-switching DAA in decumulation is a state-contingent tail hedge that the
insurance analogy prices once premium and payout are separated. The univariate
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econometric filters pay their premium in 32.4 and 31.8 percentage points of switch-
ing costs, in recoveries foregone while defensive, and in about one percentage point
of CAGR in bull phases, which leaves their median terminal capital in the Standard
scenario (4.0%) 38 and 39% below the benchmark’s. The payout is rate-conditional:
there the MSM and the univariate HMM turn 330 ruined paths per 10,000 into 57 and
60, in Low Capital (5.0%) 1,407 into 1,182 and 1,246, and in Aggressive (6.0%) 3,304
into 4,897 and 4,973. The premium is paid in return and the payout is bounded by
the variance reduction that buys it, so above the critical rate of Section 4.3 the policy
causes the loss it insures against.

The ablation separates what a plain MSM-versus-HMM comparison confounds:
within the HMM architecture the observation space, not the estimation machin-
ery, makes the difference. Two architectures as different as maximum-likelihood
Markov-switching and Baum-Welch expectation maximization produce nearly indis-
tinguishable signals, classifications, and decumulation outcomes when fed the same
univariate return series, agreeing on 99.75% of out-of-sample days. The same archi-
tecture fails once implied volatility and the term spread enter the observation vector,
and it fails by over-signaling rather than by delay, consistent with the added variables
decoupling the latent state from the portfolio’s own return: the multivariate HMM
flags a bear state on 44.5% of days against a 9.0% base rate, churns away 12.9 per-
centage points in costs, and depletes 89.54% of Aggressive paths (Section 4.3). This
runs against the expectation that richer conditioning information improves regime
detection, and it suggests that reported gains from multivariate specifications, as in
Erlwein-Sayer et al. (2020), do not transfer automatically to daily risk-off switching.

The deep learning results are conditional on the Pagan—Sossounov labels, but only
one network fails in the way that dependence predicts. The LSTM matches it exactly:
sparse, high-precision signaling, 20 switches, and no defensive signal in the EU debt,
COVID, and 2022 windows, the three episodes the minimum-phase filter either cen-
sors or leaves without a labeled precedent (Section 4.2). That is the memorization
failure mode raised for deep financial models (Kumar et al., 2026; Rahaman, 2026)
and the asymmetry Taguchi et al. (2022) report in favor of econometric specifications.
The Transformer fails in the opposite direction: a tuned threshold of § = 0.10 leaves
it signaling on 36% of out-of-sample days at a 50.9% whipsaw share, churn without
timing, so its silence in 2022 sits beside near-constant low-conviction signaling else-
where. Its constraint is threshold degeneracy under the pooled Martin objective, not
label scarcity. The conclusion for RQ2 is accordingly narrow: no evidence emerges that
recurrent or attention-based capacity improves regime identification for decumulation
allocation, and the LSTM’s better outcomes follow from its CAGR and low turnover
rather than from regime timing, given its silence in three of five windows; the con-
straint may still be supervision rather than architecture. Whether threshold-based
labels such as Lunde and Timmermann (2004), which admit short crises by construc-
tion, unlock the pattern-recognition advantages that Section 2 documents for other
tasks is an open empirical question.

A methodological finding cuts across the model comparison: drawdown-based and
ruin-based evaluations rank the same strategies differently, even within one exper-
iment. The MSM posts the best realized-path maximum drawdown and the best
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depletion rate at 4.0%, but a worse one than the benchmark at 6.0%; the Transformer
holds the best search diagnostics, the field’s best-equal precision-recall ranking, and
the second-worst depletion rate. Maximum drawdown, whether measured on the sin-
gle history or as a distribution median, does not encode when losses occur relative
to withdrawals, how long recovery takes under continued outflows, or whether capital
survives at all, which is exactly the information SORR is about, and the decumulation
drawdown of Section 3.4 fails in the opposite direction, by absorbing the withdrawal
schedule into the risk measure. Single-backtest drawdown reductions of the kind com-
monly reported in the regime-allocation literature (Clare et al., 2021; Shu et al., 2024)
are therefore insufficient evidence for decumulation claims, and so are classification and
search-quality statistics (Section 4.4). Depletion rates with formal confidence bounds
on resampled paths are a workable minimal standard.

The temporal structure of the results fits the adaptive markets perspective (Lo,
2004), under which a strategy’s profitability waxes and wanes with the environment
rather than being a fixed property. Between 2012 and 2019, a period without a sin-
gle crisis window, every regime model pays its premiums without collecting payouts;
payouts concentrate in a handful of episodes whose morphology decides which model
collects. Slowly unfolding equity bears reward every competent filter, supervised or
not; fast and cross-asset shocks were detected only by the unsupervised filters, whose
signal is a function of the return distribution rather than of a labeled precedent. The
2022 episode illustrates why this distinction matters: it broke both the stock-bond
diversification underlying the static 60/40 design (Siki¢, 2025) and the learned crisis
patterns of the supervised models, while the return-distribution filters adapted, and
still lost the Aggressive scenario on compounding.

The practical recommendation is conditional on the withdrawal plan rather than
on a model ranking. At rates the portfolio can sustain, 4.0 to 5.0% on this sample, a
univariate econometric filter gives households or providers whose binding concern is
ruin economically large and statistically defensible protection, at the price of median
wealth and provided execution costs stay below roughly 5 basis points per switch. At
an overstretched rate no overlay repairs the plan: the defensive filters make depletion
more likely, and the only strategy that helps is the one that stays invested, so the
instrument to reach for is the withdrawal rate rather than the allocation (Section 2).
Retirees who prioritize expected bequest over ruin protection are better served by the
passive benchmark or by a low-turnover overlay of the LSTM type; the Transformer
configuration, below the benchmark even at zero cost, is not viable at any retail cost
level. The simplicity of the univariate filters also carries regulatory weight: a two-state
model on portfolio returns is auditable in a way a seed-ensembled Transformer is not,
in retail decumulation products where MiFID II, the EU Al Act, and the GDPR favor
inspectable decision logic (Azzutti, 2026) and where acceptance of deep learning fails
on absent explainability standards (Khan et al., 2025).

Several limitations bound the conclusions. The data are free Yahoo Finance series,
whose measurement risk relative to commercial vendors the ingestion quality gate
(Section 3.1) reduces but does not eliminate. All deep learning claims are scoped to the
Pagan—Sossounov labeling schema, and the fold design is thin where it matters: of the
26 out-of-sample windows, 2 contain a complete bear phase, 6 overlap one, and 20 no
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bear day, so the crisis-window comparisons rest on few and not independent episodes.
The design restricts attention to two regimes, one two-asset US portfolio, a rolling
rather than expanding walk-forward window, and fixed nominal withdrawals; adaptive
withdrawal rules, taxes, and multi-asset universes are excluded by construction, which
isolates the allocation effect but limits external validity. Because the withdrawals are
never indexed, their real value falls by about 45% over the 30-year horizon at an
assumed 2% annual inflation rate, so the simulation understates the pressure a real-
terms plan would impose. Because the decumulation drawdown absorbs the withdrawal
schedule, the second level of H1 is at the stressed rate closer to a survival test than to an
independent criterion. The multivariate HMM configuration carries documented selec-
tion uncertainty (overfitting probability 0.972, deflated Sharpe ratio 0.862), whereas
the networks carry retraining rather than selection variance (Section 4.4), so a single
training run of either is not a point estimate. Finally, the backtest abstracts from trad-
ing frictions beyond proportional costs: short-selling constraints, trading halts, and
minimum holding periods are not modeled.

6 Conclusion

This paper asked whether regime-switching dynamic asset allocation mitigates
sequence-of-returns risk in portfolio decumulation, and whether deep learning identifies
the underlying regimes better than classical econometrics. RQ1 is answered affirma-
tively, conditional on the withdrawal rate rather than on the model class. At 4.0%
the MSM, the univariate HMM, and the LSTM cut the depletion rate from 3.30% to
0.57%, 0.60%, and 0.60% with disjoint confidence intervals; at 5.0% the same three
stay below the benchmark; at 6.0% only the LSTM does, while the two univariate
econometric filters raise it from 33.04% to about 49% as their return sacrifice becomes
the dominant ruin cause; the multivariate HMM raises it in all three scenarios. The
same conditionality holds on the second level, path-wise decumulation drawdown: four
of five models improve on the benchmark at 4.0%, one at 6.0%. RQ2 is answered neg-
atively on both margins. The supervised models do not rank regimes more accurately
than the univariate filters (Appendix C), the LSTM produces no defensive signal in
three of five crisis windows and the Transformer in two, and the Transformer loses
the terminal-capital comparison to the MSM, the univariate HMM, and the LSTM
in every scenario, so H2 is rejected. The best decumulation outcomes belong to the
LSTM, which obtains them by staying invested at the highest CAGR of the field rather
than by timing regimes, a different claim from the one RQ2 asks about.

Two lessons follow. First, the univariate return filters buy ruin insurance with
unstable, transaction-intensive signals, and their viability stands or falls with execution
costs near 5 basis points per switch. The LSTM overlay offers a stable, cost-robust
signal, the highest median terminal capital in every scenario and the only depletion
improvement at the stressed rate, but no crisis signal at all in three of five windows.
The Transformer combines the best search diagnostics of the field with the highest
whipsaw share and the second-worst depletion rate. Enriching the information set
makes the econometric model worse. Choosing a model is choosing which part of the
outcome distribution to protect, and for the retiree whose binding constraint is not
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outliving their capital at a sustainable withdrawal rate, the empirically supported
choice is the simplest model in the field: a two-state filter on the portfolio’s own returns.
Second, neither classification metrics, search diagnostics, nor backtest drawdowns are
sufficient statistics for decumulation value. The highest F1 belongs to the model with
the weakest probability ranking (LSTM, 0.430 at ROC AUC 0.76) and the best search
diagnostics to the model with the second-worst depletion rate (Transformer, PBO
0.091); the best realized-path drawdown coexists with a collapsed median drawdown
under resampling at the stressed rate; and only the depletion rate, measured on the
outcome distribution with formal confidence bounds across withdrawal rates, separates
the strategies in the dimension SORR is about.

The research agenda follows from the limitations. First, sequence-of-returns risk
deserves its own outcome metric: a continuous measure weighting losses by their tim-
ing relative to the withdrawal schedule would grade strategies between the coarse
endpoints of drawdown and ruin and separate the market from the withdrawal compo-
nent, which the decumulation drawdown used here conflates. Second, the label-artifact
explanation of the deep learning failures is testable: retraining the same architectures
on threshold-based labels such as Lunde and Timmermann (2004), which admit short
crises by construction, or on multi-class partitions would separate supervision from
architecture effects. Pretrained time-series foundation models (Ansari et al., 2024) offer
a third route that bypasses labeling altogether. Beyond the model layer, the framework
extends naturally to multi-asset universes, inflation-indexed and adaptive withdrawal
rules, and an expanding-window walk-forward variant, and a replication on commer-
cial data would remove the residual measurement risk of the free data used here. A
further direction is the operational resilience of deployment: latency, throughput, and
the cost of retraining and inference, considerable for the seed-ensembled Transformer,
decide whether a regime overlay is viable in production (Koganti & Anne, 2026). The
complete pipeline is available as an open-source artifact (Maurer, 2026).
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Appendix A Hyperparameter search spaces and
selected configurations

Table Al lists the per-model search spaces of the hyperparameter optimization
described in Section 3.3. The econometric spaces are searched exhaustively, so the
selected configurations are global optima within their grids; the deep learning spaces
are searched with a multivariate tree-structured Parzen estimator under a fixed seed.
The number of training epochs is not a search dimension: trials run under a 150-epoch
ceiling with early stopping on validation loss, which removes a redundant dimension;
the final run uses the shorter budgets of Section 3.3.

Table A2 reports the configurations deployed in the final walk-forward run together
with the pooled development-period Martin ratio of each selected configuration.

Appendix B Regime label concordance

Figure B1 reports the pairwise Cohen’s k between the six candidate labeling schemes
of Section 3.2, computed ex post on daily bull/bear classifications of the full sample;
the supervised models’ training labels are recomputed causally at each fold cutoff and
are not the series compared here. The three rule-based schemes (Pagan—Sossounov,
peak-to-trough, Lunde-Timmermann) form a nearly congruent block (x > 0.93); the
HMM-implied labels show the lowest concordance with every other scheme, which
motivated their exclusion as a training target.
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Table A1 Hyperparameter search spaces

Model

Parameter

Search space

MSM

threshold 6

0.100 to 0.975, step 0.025 (grid, 36 configurations)

HMM (multivariate)

covariance type
threshold 6

{full, diagonal, tied}
0.100 to 0.975, step 0.025 (grid, 108 configurations)

HMM (univariate)

threshold 6

0.100 to 0.975, step 0.025 (grid, 36 configurations)

LSTM window size
units (layer 1)

units (layer 2)

20 to 250, step 10
{16, 32, 64, 128}
{32, 64, 128, 256}

batch size {32, 64, 128}
learning rate 10~° to 10~2, log scale
dropout 0.00 to 0.60, step 0.05

threshold 6 0.10 to 0.90, step 0.05

20 to 250, step 10
{16-2, 32-2, 32-4, 64-4, 64-8, 128-4, 128-8}

window size
(dmodel, heads)

Transformer

encoder layers 1to4

feed-forward width {32, 64, 128, 256}
batch size {32, 64, 128}

learning rate 10~° to 10~2, log scale
dropout 0.00 to 0.50, step 0.05

threshold 6 0.10 to 0.90, step 0.05

Note: Deep learning spaces are sampled with a multivariate tree-structured Parzen estimator (seed
42) after 50 (LSTM) and 60 (Transformer) random startup trials; the covariance parametrization
is not searched for the univariate HMM: for one-dimensional Gaussian emissions the full, diagonal,
and spherical parametrizations are equivalent state-specific variances, while the tied variant imposes
one variance shared across states; the ablation fixes the state-specific variant and searches only the
threshold. The (dmodel, heads) pair is encoded as a single categorical of valid combinations so that
no trials are spent on divisibility violations.

Cohen's k: Label Concordance (Chance-Corrected)

MSM 10
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HMM -
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© RN & < \)(\b &
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Fig. B1 Chance-corrected label concordance (Cohen’s k) between the six candidate labeling
schemes: MSM- and HMM-implied states, Pagan—Sossounov (PagSoss), peak-to-trough (P2T),
Lunde-Timmermann (LundeT), and the NBER recession chronology.
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Table A2 Selected configurations of the final walk-forward run

Model Selected configuration Martin (dev.)
MSM 6 =0.175 1.64
HMM (multivariate)  diagonal covariance, § = 0.975 0.89
HMM (univariate) 0 =0.175 1.63
LSTM window 100, units 32/256, batch 64, learning rate 2.44 x 2.31
10~2, dropout 0.25, § = 0.30
Transformer window 220, dimodel = 128, 8 heads, 4 layers, feed-forward 2.53
width 32, batch 128, learning rate 1.11 x 10~2, dropout
0.05, = 0.10

Note: Martin (dev.): Martin ratio of the chronologically continuous pooled out-of-sample return
path (Section 3.3) over the development folds. The reported configurations are the Martin-optimal
configurations selected by the final hyperparameter search.

Appendix C Threshold-independent classification
diagnostics

Figures C1 and C2 complement Table 3 with curves computed before thresholding.
Ranking quality is close across four of the five models: MSM 0.89 ROC AUC and 0.40
PR AUC, univariate HMM 0.88 and 0.39, Transformer 0.88 and 0.40, multivariate
HMM 0.87 and 0.36, LSTM 0.76 and 0.30. The F1 ordering of Section 4.1 is therefore
largely a thresholding effect: the LSTM holds the highest F'1 on the weakest probability
ranking, and the Transformer’s tuned # = 0.10 spends its best-equal precision-recall
ranking on near-constant signaling.
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ROC Curves (vs. NBER)

1.0 1 ,
// }
,/
,/
//
0.8 1 //’
///
//
9] //
T 0.6 7
v
=
.‘u;"
o
a
$ 0.4 1
=
—-=- Random
0.2 1 —— MSM (AUC=0.89)
——— HMM (AUC=0.87)
—— HMM_Uni (AUC=0.88)
—— LSTM (AUC=0.76)
0.0 A —— Transformer (AUC=0.88)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. C1 ROC curves of the daily bear probabilities against the NBER recession chronology, pooled
over the 26 out-of-sample test windows.

Precision-Recall Curves (vs. NBER)
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Fig. C2 Precision-recall curves of the daily bear probabilities against the NBER recession chronol-
ogy, pooled over the 26 out-of-sample test windows.
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