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Abstract
Inferring sleep states from multimodal physiological time-series is
fundamental to sleep research and clinical diagnostics. Deep learn-
ing models achieve high epoch-level accuracy but frequently pro-
duce physiologically implausible outputs: state transitions that are
rare in healthy subjects (e.g., direct Wake→REM) and excessively
fragmented hypnograms with unrealistically short bouts. Such out-
puts are unsuitable for downstream sleep architecture analyses
regardless of accuracy. We propose StageGuard, a plug-and-play,
backbone-agnostic framework that augments any neural sleep-
staging backbone with semi-Markov structured inference. The key
innovation is a unified wrapper combining: (1) a differentiable soft
transition penalty that discourages physiologically rare transitions
during training, and (2) a semi-Markov constrained decoder with
duration-augmented state space that jointly enforces transition
constraints and minimum bout durations at inference. Unlike ap-
proaches using hard −∞ constraints that prohibit rare transitions
entirely, our soft-penalty formulation allows rare transitions when
emission evidence is overwhelming—a more scientifically accurate
model of sleep physiology. We evaluate StageGuard on six estab-
lished backbones across four datasets spanning distinct modalities,
demonstrating that it reduces the transition-violation rate (TVR) to
physiologically plausible levels (from 3.6–12.3% to 0.1–0.8%) and
the fragmentation index by 56–62% while maintaining or slightly
improving classification accuracy. Crucially, improved constraint
satisfaction translates to 59–79% lower error in derived sleep ar-
chitecture statistics (REM latency, bout durations, total sleep time),
validating that physiologically valid hypnograms yield more reli-
able downstream analyses.

1 Introduction
Automated sleep staging—the classification of physiological record-
ings into discrete vigilance states—is a cornerstone of modern sleep
research (e.g., classic R&K-style standards [26, 39]). Sleep can be as-
sessed from diverse signal modalities: polysomnographic EEG/EMG
[1], wrist-worn actigraphy [28, 35], cardiorespiratory recordings
[7, 20], and contactless radar [33]. Manual scoring by trained experts
remains the gold standard, but it is time-consuming, subjective [3],
and poorly suited to large-scale studies [11]. Deep learning meth-
ods have achieved expert-level accuracy on standard benchmarks
[21, 22, 32], leading many laboratories to adopt them for routine
scoring.

However, accuracy alone is an incomplete measure of a staging
model’s fitness for scientific use. A classifier that achieves high

epoch-level accuracy—approaching the inter-rater agreement ceil-
ing of ∼80–85% [3, 11]—may nonetheless produce outputs that
violate fundamental physiological invariants: atypical state tran-
sitions that occur almost exclusively in pathological conditions
(e.g., direct Wake→ REM in narcolepsy), single-epoch bouts that
no sleep researcher would accept, and fragmentation patterns in-
consistent with the known temporal organization of sleep [9, 17].
Such outputs are not merely inaccurate—they are invalid for down-
stream analyses including REM latency estimation, sleep efficiency
calculation, and bout-duration statistics. We formalize this validity
gap through two constraint-satisfaction indicators: the transition-
violation rate (TVR), measuring the proportion of physiologically
rare transitions, and the fragmentation index (FI), measuring ex-
cessive state switching. Our goal is not to optimize these metrics
competitively but to ensure they are satisfied at physiologically
plausible levels, enabling trustworthy downstream analysis.

The core problem is that standard neural network classifiers treat
each epoch independently or with only weak sequential coupling.
Even recurrent and attention-based architectures [5, 22] learn tem-
poral dependencies from data rather than encoding physiological
invariants explicitly, leaving them free to produce rare transitions
when the learned statistics are ambiguous. Post-hoc smoothing
heuristics (e.g., majority filtering [31]) reduce noise but cannot
guarantee that outputs respect known physiological constraints.

As sleep-staging models enter routine use in large-scale stud-
ies, outputs that achieve high accuracy but violate physiological
invariants can silently corrupt downstream analyses. Trustwor-
thy deployment requires that outputs satisfy domain-specific con-
straints, not merely optimize classification metrics [27]. To address
this gap, we propose StageGuard, a backbone-agnostic constraint
framework that wraps any neural sleep-staging backbone with
physiology-informed mechanisms. Our contributions are:

(1) We formalize transition-violation rate (TVR) and fragmenta-
tion index (FI) as validity indicators that should be reported
alongside accuracy.

(2) We introduce a unified semi-Markov framework combin-
ing soft training penalties with duration-augmented con-
strained decoding—backbone-agnostic, using soft penalties
(not hard constraints), and implementing principled semi-
Markov inference.

(3) We demonstrate across six backbones and four datasets
spanning distinct modalities that TVR is reduced to phys-
iologically plausible levels while accuracy is maintained
or improved, yielding 59–79% lower error in derived sleep
architecture statistics.
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2 Background and Related Work
2.1 Sleep Physiology and Staging
Mammalian sleep is organized into cyclically alternating vigilance
states: wakefulness (Wake), non-rapid-eye-movement sleep (NREM),
and rapid-eye-movement sleep (REM) [26, 39]. Transitions between
these states follow well-characterized physiological patterns. The
dominant transition pathway is Wake → NREM → REM → Wake;
direct REM → NREM transitions are rare under normal conditions.
Direct Wake → REM transitions—termed sleep-onset REM peri-
ods (SOREMPs)—rarely occur outside pathological states such as
narcolepsy or conditions of extreme sleep deprivation [9]. We em-
phasize that these transitions are not strictly forbidden—they are
physiologically rare in healthy subjects. This distinction is impor-
tant: a staging model should strongly discourage rare transitions
but allow them when emission evidence is overwhelming, rather
than prohibiting them entirely.

Beyond transition structure, sleep states exhibit characteris-
tic temporal organization: bouts of each state have minimum ex-
pected durations that reflect the underlying neurobiology of state-
switching circuits [18, 29]. Sleep fragmentation—excessively short
or frequently interrupted bouts—is itself a clinically meaningful
outcome associated with cognitive impairment and daytime dys-
function [17, 38]. A sleep-staging algorithm that produces unre-
alistically fragmented output is therefore not only inaccurate but
potentially misleading for downstream analyses.

2.2 Deep Learning for Sleep Staging
Deep learning has achieved expert-level accuracy on sleep staging
across modalities. For polysomnographic EEG, architectures range
from CNNs [1, 30, 34] to CNN–RNN hybrids [22, 32], attention-
based models [5, 23], and U-Net architectures [21]; see Fiorillo
et al. [6] for a comprehensive review. Actigraphy-based sleep–wake
classification [28, 36] and cardiorespiratory staging [7] extend these
methods to wearable and home-monitoring contexts. Contactless
radar-based methods [33] extend sleep staging to fully touch-free
settings by analyzing respiratory and movement patterns from
reflected radio waves.

Despite high accuracy, these deep learningmethods do not explic-
itly encode physiological transition constraints. Sequential models
learn soft temporal dependencies but provide no mechanism to
ensure outputs respect known physiological invariants; rare tran-
sitions and excessive fragmentation can bias downstream sleep
architecture statistics.

Recent work on foundation models for EEG [13] demonstrates
the potential of large-scale pre-training across diverse EEG tasks.
Such models learn rich representations but do not explicitly encode
physiological constraints. Our framework is orthogonal and comple-
mentary: StageGuard can wrap any backbone, including fine-tuned
foundation models, to ensure outputs respect domain-specific in-
variants regardless of representation quality. To incorporate such
domain knowledge, we review relevant work on constraints in
machine learning.

2.3 Constraints in Machine Learning
Incorporating domain knowledge as constraints in machine learn-
ing dates to early work on graphical models and structured predic-
tion. In structured prediction, conditional random fields [16] and
hidden Markov models encode transition structure via learned or
fixed transition matrices [15]. The Viterbi algorithm [8] finds the
most likely state sequence under such models and can incorporate
transition constraints via the log-transition matrix.

A key limitation of standard HMMs is their assumption of geo-
metric (memoryless) state durations. Hidden semi-Markov models
(HSMMs) [40] generalize HMMs by explicitly modeling state dura-
tion distributions, enabling minimum dwell-time constraints that
better capture the temporal structure of physiological processes.
Our minimum-duration constraint mechanism approximates semi-
Markov behavior within a computationally efficient Viterbi frame-
work.

In natural language processing, constrained decoding has been
a powerful technique for incorporating lexical and structural con-
straints into neural sequence generation. Grid beam search [12] and
dynamic beam allocation [24] enable hard lexical constraints during
decoding while preserving model fluency. Our constrained Viterbi
decoder applies an analogous principle—enforcing domain-specific
structural constraints on neural network outputs—to the sequential
classification setting.

Dong et al. [4] used a mixed neural network with CRF-like
post-processing, and hidden Markov models have been applied
to sleep state sequences [19]. However, neither approach provides
a backbone-agnostic wrapper with semi-Markov inference. Our
work is conceptually related to physics-informed machine learning
[14, 37], though we encode discrete physiological rules rather than
governing equations.

Summary and gap. No existing framework combines soft train-
ing penalties with principled semi-Markov inference into a unified,
backbone-agnostic wrapper for physiological time-series classifi-
cation. Our work addresses this gap by integrating complemen-
tary constraints—soft transition penalties during training, duration-
augmented semi-Markov decoding at inference—that can augment
any neural sleep-staging backbone without architectural modifica-
tion.

3 Method
We consider sleep staging as a structured sequence prediction prob-
lem. Given an epoch sequence of inputs x = (𝑥1, . . . , 𝑥𝑇 ) (with
modality-specific representations), a backbone model produces per-
epoch posterior distributions over sleep states: 𝑝𝜃 (𝑦𝑡 | 𝑥𝑡 ), where
𝑦𝑡 ∈ S. Our goal is to output a hypnogram y = (𝑦1, . . . , 𝑦𝑇 ) that is
not only accurate but also physiologically plausible. In particular,
we target two common failure modes of modern deep sleep-staging
systems: (i) transition violations and (ii) temporal fragmentation.
StageGuard is a plug-and-play, backbone-agnostic inference layer
that turns any per-epoch classifier into a physiologically consistent
scientific readout.
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Figure 1: Overview of the StageGuard pipeline. Input features from one modality (EEG/EMG, actigraphy, cardiorespiratory, or
bioradar signals) are processed by a modality-specific feature extraction stage and any neural backbone to produce per-epoch
logits. During training (blue box, dashed arrows), cross-entropy loss computed against ground-truth labels y∗ is augmented
with a soft transition penalty that discourages rare transitions. At inference (orange box), a signal-quality index (SQI) module
attenuates unreliable emissions (Equation (9)), followed by duration constraints and a semi-Markov decoder that jointly enforce
transition constraints and minimum bout durations, producing a physiologically valid state sequence. All constraint modules
are backbone-agnostic and operate as a plug-and-play wrapper.

Table 1: Physiologically rare transitions R by modality.
W=Wake, R=REM, N=NREM.

Modality Rare Transitions Rationale

EEG/EMG (3-state) W→R, R→N SOREMPs pathological
Cardiorespiratory W→R, R→N Same
Bioradar (3-state) W→R, R→N Same
Actigraphy (2-state) — None

3.1 Problem Formulation
Let x = (𝑥1, 𝑥2, . . . , 𝑥𝑇 ) denote a sequence of 𝑇 feature vectors ex-
tracted from consecutive epochs of any physiological signal, where
𝑇 is the recording length in epochs, each 𝑥𝑡 ∈ R𝐷𝑓 , and 𝐷 𝑓 de-
pends on the modality. The goal is to predict a label sequence
y = (𝑦1, 𝑦2, . . . , 𝑦𝑇 ) with 𝑦𝑡 ∈ S, where S is a modality-appropriate
state set (e.g., {Wake,NREM,REM} for EEG/EMG, {Wake, Sleep}
for actigraphy) with 𝐾 = |S| states. A neural backbone with pa-
rameters 𝜃 maps each epoch to a posterior distribution 𝑝𝜃 (𝑦𝑡 | 𝑥𝑡 )
over S. This is a structured output prediction problem: rather than
classifying each epoch independently, the output sequence must
satisfy global structural constraints imposed by sleep physiology.

We define a rare-transition indicator for adjacent epochs:

𝑣𝑡 = 1
[
(𝑦𝑡−1, 𝑦𝑡 ) ∈ R

]
, 𝑡 = 2, . . . ,𝑇 , (1)

where R ⊂ S × S is the set of physiologically rare transitions (e.g.,
Wake→REM, REM→NREM in healthy subjects); see Table 1 for
modality-specific definitions. The transition-violation rate (TVR)
measures the proportion of rare transitions: TVR(y) = 1

𝑇−1
∑𝑇

𝑡=2 𝑣𝑡 .
We emphasize that TVR is a validity indicator, not a performance

metric: a model with high TVR produces outputs inconsistent with
normal sleep physiology, regardless of accuracy.

We additionally define a fragmentation index to capture temporal
consistency:

FI(y) = 1
𝑇 − 1

𝑇∑︁
𝑡=2

1[𝑦𝑡−1 ≠ 𝑦𝑡 ] . (2)

A high FI indicates excessive state switching relative to the record-
ing length. We also track mean bout duration (the average length
of contiguous runs of the same state) as a complementary temporal
consistency metric.

3.2 Backbone-Agnostic Design
StageGuard is designed as a plug-and-play constraint module that
wraps any neural backbone producing per-epoch class probabilities
𝑝𝜃 (𝑦𝑡 | 𝑥𝑡 ) ∈ Δ |S |−1 (the probability simplex). The only require-
ment is that the backbone outputs a softmax distribution over states
for each epoch; no architectural modifications are needed.

We evaluate six established backbones: AccuSleep [1], Deep-
SleepNet [32], SeqSleepNet [22], AttnSleep [5], SleepTransformer
[23], and U-Sleep [21]. These span CNN, RNN, attention, and trans-
former architectures; architectural details are provided in Section B.

The input representation 𝑥𝑡 is modality-specific: for EEG/EMG,
𝑥𝑡 is a concatenated spectrogram [1]; for actigraphy, 𝑥𝑡 comprises
activity count features and circadian covariates [28]; for cardiores-
piratory data, 𝑥𝑡 consists of heart rate variability and respiratory
features [7]; for bioradar, 𝑥𝑡 consists of respiratory amplitude, rate,
and body movement features extracted from radar phase signals
[33]. Each backbone is trained with cross-entropy loss:

LCE = − 1
𝑇

𝑇∑︁
𝑡=1

log 𝑝𝜃 (𝑦∗𝑡 | 𝑥𝑡 ), (3)

where 𝑦∗𝑡 is the expert label. Throughout, log denotes the natural
logarithm.

3.3 Soft Transition-Penalty Regularization
Constrained decoding alone cannot improve the backbone’s learned
representations. We therefore augment the training loss with a
differentiable penalty that steers the backbone toward producing
fewer rare transitions in the first place. For each pair of consecutive
epochs (𝑡 − 1, 𝑡), we compute the probability that the model assigns

3
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to a physiologically rare transition:

Ltrans =
1

𝑇 − 1

𝑇∑︁
𝑡=2

∑︁
(𝑠,𝑠′ ) ∈R

𝑝𝜃 (𝑦𝑡−1 = 𝑠 | 𝑥𝑡−1) 𝑝𝜃 (𝑦𝑡 = 𝑠′ | 𝑥𝑡 ) . (4)

Note that the penalty is not normalized by |R |; the weight 𝜆 is
calibrated accordingly. Note that Equation 4 approximates the joint
rare-transition probability as a product of per-epoch marginals;
for backbones with sequential context (e.g., recurrent or attention-
based models), these marginals are not strictly independent. In
practice, the penalty serves as a regularizer rather than an exact
probability estimate, and empirically yields consistent improve-
ments across all tested architectures regardless of their temporal
modeling capacity. The total training loss becomes:

L = LCE + 𝜆Ltrans, (5)

where 𝜆 ≥ 0 controls the penalty strength. This formulation is
related to posterior regularization [10] and encourages the back-
bone to learn representations that naturally respect physiological
constraints.

3.4 Semi-Markov Constrained Decoding
While the soft penalty steers themodel toward plausible predictions,
it cannot guarantee that outputs respect physiological constraints.
We apply a semi-Markov constrained decoder at inference time that
jointly enforces transition constraints and minimum bout durations
within a unified framework.

State augmentation. Standard HMMs assume geometric (memo-
ryless) state durations, which is violated in sleep physiology [29].
We augment the state space to S̃ = {(𝑠, 𝑑) : 𝑠 ∈ S, 𝑑 ∈ {1, . . . , 𝐷max}}
(with 𝐷max = 10 in all experiments), where 𝑑 counts consecutive
epochs in state 𝑠 .

Transition constraints in augmented space. Transitions between
augmented states follow:

• (𝑠, 𝑑) → (𝑠, 𝑑 + 1): continue in state 𝑠 , incrementing dura-
tion (if 𝑑 < 𝐷max)

• (𝑠, 𝑑) → (𝑠′, 1): transition to new state 𝑠′ with 𝑑 = 1, al-
lowed only if 𝑑 ≥ 𝑑min (𝑠)

The log-transition matrix for the augmented space encodes both
duration and transition constraints:

𝐴̃ (𝑠,𝑑 ),(𝑠′,𝑑′ ) =


0 if 𝑠′ = 𝑠, 𝑑 ′ =min(𝑑 + 1, 𝐷max)
log 𝜖𝑠𝑠′ if 𝑠′ ≠ 𝑠, 𝑑 ′ = 1, 𝑑 ≥ 𝑑min (𝑠)
−∞ otherwise

(6)

where 𝜖𝑠𝑠′ encodes the physiological rarity of transition 𝑠 → 𝑠′.
For typical transitions (e.g., NREM→REM), 𝜖𝑠𝑠′ = 𝜋𝑠𝑠′ , where
𝜋𝑠𝑠′ = 𝑁𝑠𝑠′/

∑
𝑗 𝑁𝑠 𝑗 is the empirical transition probability estimated

from training-set labels (with 𝑁𝑠𝑠′ denoting the count of observed
𝑠 → 𝑠′ transitions). For rare transitions (e.g., Wake→REM), we
set 𝜖𝑠𝑠′ = 0.001—chosen to be small relative to typical transition
probabilities (𝜋𝑠𝑠′ ≈ 0.1–0.3) while remaining numerically stable—
strongly discouraging but not prohibiting them.

Semi-Markov Viterbi inference. The Viterbi algorithm on the aug-
mented state space finds:

ˆ̃y = argmax
ỹ

[
𝑇∑︁
𝑡=1

𝐸𝑡,𝑠𝑡 +
𝑇∑︁
𝑡=2

𝐴̃𝑦̃𝑡−1,𝑦̃𝑡

]
, (7)

where 𝐸𝑡,𝑠 = log𝑝𝜃 (𝑦𝑡 = 𝑠 | 𝑥𝑡 ) is the emission log-probability and
𝑦𝑡 = (𝑠𝑡 , 𝑑𝑡 ) is the augmented state at time 𝑡 . The final decoded
sequence extracts the state component: 𝑦𝑡 = 𝑠𝑡 . The initial state
distribution is uniform over {(𝑠, 1) : 𝑠 ∈ S}, assigning equal prior
probability to each state at duration count 𝑑=1.

This ensuresminimumbout durations are enforced exactlywithin
decoding, and rare transitions are strongly penalized but allowed
when emission evidence is overwhelming (i.e., the emission log-
probability outweighs the transition penalty). Inference complexity
is 𝑂 (𝑇 × (𝐾 · 𝐷max)2); for 𝐾 = 3 and 𝐷max = 10 (sufficient to cap-
ture durations up to 40 seconds for EEG/EMG or 5 minutes for
PSG, encompassing typical bout lengths), this yields 30 augmented
states but remains acceptable for batch processing. For context,
the backbone forward pass is 𝑂 (𝑇 ×𝐶) where 𝐶 denotes the back-
bone’s per-epoch forward-pass cost (ranging from ∼105 to ∼107
multiply-accumulate operations across our backbones); the decoder
overhead of 𝑂 (𝑇 × 900) for 𝐾 = 3, 𝐷max = 10 is thus negligible for
larger backbones.

3.5 Duration Constraints
Sleep bouts have characteristic minimum durations reflecting neu-
ral circuit dynamics [18, 29]. Each state 𝑠 has a minimum bout
duration 𝑑min (𝑠) enforced via Equation (6):

• EEG/EMG (4-sec epochs):𝑑min (NREM) = 3,𝑑min (REM) =
2, 𝑑min (Wake) = 2

• PSG (30-sec epochs): 𝑑min (NREM) = 2, 𝑑min (REM) = 2,
𝑑min (Wake) = 1

• Bioradar (30-sec epochs):𝑑min (NREM) = 2,𝑑min (REM) =
2, 𝑑min (Wake) = 1

• Actigraphy (30-sec epochs):𝑑min (Sleep) = 2,𝑑min (Wake) =
1

These thresholds are informed by established sleep physiology [29]
and empirically validated on held-out folds.

To suppress rapid state alternation (flip-flop), we apply an ad-
ditional penalty when transitioning to a state visited within the
previous 𝑘 epochs. Specifically, when proposing a transition from
state 𝑠′ to state 𝑠 at time 𝑡 :

𝜌 (𝑠′, 𝑠, 𝑡) = −𝛾 · 1
[
𝑠 ≠ 𝑠′ ∧ 𝑠 ∈ {𝑦𝑡−2, . . . , 𝑦𝑡−𝑘 }

]
, (8)

where 𝛾 = 2.0 and 𝑘 = 5. This penalty is added to the augmented
transition scores in Equation (6) at runtime based on the decoded
history. Because the flip-flop penalty depends on the decoded path,
it is applied as a greedy augmentation within the Viterbi forward
pass; the resulting sequence is therefore optimal with respect to
the emission and static transition scores, with the flip-flop penalty
providing an additional heuristic refinement that empirically affects
fewer than 5% of decoded transitions. Unlike post-hoc smoothing,
our semi-Markov formulation enforces transition and duration
constraints within decoding.
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3.6 Signal-Quality Handling
Real-world recordings contain corrupted epochs due to sensor de-
tachment, motion artifacts, or missing segments. For each modality,
we compute a signal-quality indicator 𝛽𝑡 ∈ [0, 1] for each epoch,
where 𝛽𝑡 = 0 denotes a clean epoch and 𝛽𝑡 = 1 denotes a fully cor-
rupted epoch: for EEG/EMG, per-epoch amplitude 𝑧-scores (|𝑧 | > 3)
or high-frequency (> 45Hz) power fraction exceeding 0.5; for actig-
raphy, zero activity counts persisting ≥ 3 consecutive epochs (de-
vice removal); for cardiorespiratory data, heart rate outside 30–
200 bpm or missing signal segments; for bioradar, amplitude 𝑧-
scores (|𝑧 | > 5) or signal dropouts spanning ≥ 2 consecutive epochs.
Detected low-quality epochs have their emission log-probabilities
interpolated toward the uniform distribution (reflecting maximum
uncertainty when signal quality is compromised):

𝐸𝑡,𝑠 = (1 − 𝛽𝑡 ) 𝐸𝑡,𝑠 + 𝛽𝑡 log(1/|S|), (9)

where 𝛽𝑡 reflects the degree of signal degradation at epoch 𝑡 . When
signal-quality information is available, the decoder (Equation (7))
uses 𝐸𝑡,𝑠 in place of 𝐸𝑡,𝑠 , allowing the transition model to bridge
across corrupted segments.

4 Experiments
4.1 Datasets
We evaluate on four publicly available datasets: (1) AccuSleep
Mouse EEG/EMG [1]: 16 mice, 24-hour recordings at 512 Hz, 4-
second epochs, three states (Wake, NREM and REM). (2) Sleep-
Accel [36]: 31 adults with wrist actigraphy, 30-second epochs, two
states (Wake/Sleep); all transitions allowed, so temporal consis-
tency is the primary constraint mechanism. (3) SHHS [25]: 25
subjects (stratified random sample by age and OSA severity; se-
lection seed 2024; SHHS-1 visit-1 subject IDs 200001–204000 pool)
with cardiorespiratory features (HRV, respiratory rate), 30-second
epochs, three states; transition constraints mirror EEG/EMG. (4)
SLEEPBRL [33]: 32 subjects monitored by contactless bioradar
(3.6–4.0 GHz continuous-wave) in a sleep laboratory with simul-
taneous PSG; AASM-scored 30-second epochs collapsed to three
states (Wake/NREM/REM). This is the only fully touch-free modal-
ity in our evaluation.

4.2 Baselines
We compare six established neural backbones, each evaluated both
standalone and augmented with the full StageGuard constraint
framework (soft penalty + constrained Viterbi + temporal consis-
tency):

(1) AccuSleep [1]: compact CNN with two convolutional lay-
ers.

(2) DeepSleepNet [32]: CNN–RNN hybrid with multi-scale
filters and bidirectional LSTM.

(3) SeqSleepNet [22]: hierarchical RNN with attention.
(4) AttnSleep [5]: multi-resolution CNN with multi-head self-

attention.
(5) SleepTransformer [23]: transformer-based with epoch-

and sequence-level attention.
(6) U-Sleep [21]: fully convolutional U-Net trained on large-

scale data.

For each dataset, all backbones use the same input features,
differing only in architecture. The “+Ours” variant adds the full
StageGuard constraint module with soft penalty weight 𝜆 = 0.5,
dataset-specific minimum-duration thresholds 𝑑min, flip-flop win-
dow 𝑘 = 5 epochs, and flip-flop penalty weight 𝛾 = 2.0. We evaluate
using leave-one-subject-out (LOSO) cross-validation, using one fold
per subject/recording: 16 folds for AccuSleep Mouse EEG/EMG, 31
folds for Sleep-Accel, 25 folds for SHHS, and 32 folds for SLEEPBRL.
In each fold, we train on all but one subject and report metrics on
the held-out subject; the final “mean ± std” aggregates across folds.

4.3 Training and Implementation Details
Training protocol. For each backbone, we follow the training

recipe recommended in its original work (optimizer, learning-rate
schedule, batch size, and early stopping), and we keep the proto-
col identical between the baseline and “+Ours” variants so that
differences are attributable to the constraint wrapper rather than
additional tuning. The loss is cross-entropy plus the soft transition
penalty (Equation (5)) for “+Ours”.

Hyperparameter selection. We use a single set of constraint hyper-
parameters across backbones for fairness. The soft-penalty weight
𝜆 = 0.5 was selected via grid search over {0.1, 0.25, 0.5, 1.0, 2.0} on
a held-out validation fold (one subject per dataset), optimizing for
TVR reduction while maintaining baseline accuracy; sensitivity
analysis is provided in Table 8. The flip-flop window 𝑘=5 epochs
corresponds to 20 s for 4-second epochs and 2.5min for 30-second
epochs, both within the typical refractory period following a state
transition [29]; 𝛾=2.0 was selected alongside 𝜆 on the validation
fold. Minimum-duration thresholds 𝑑min are physiology-informed
(Section 3.5); all values are reported in the released configuration
files.

Randomness and variance reporting. We compute “mean ± std”
across LOSO folds (one fold per held-out subject), using a fixed
random seed of 42 for weight initialization, data shuffling, and fold
assignment within each fold. We will release per-fold metrics to en-
able paired significance testing and confidence-interval estimation.

Compute and runtime. All experiments were conducted on a
single NVIDIA A100 GPU (40GB); per-fold training times and in-
ference throughput are reported in the accompanying artifact. Con-
strained decoding adds negligible training overhead and a small
inference-time overhead relative to a single backbone forward pass;
we include an overhead analysis in the artifact to facilitate deploy-
ment comparisons.

Computational overhead. The semi-Markov decoder adds mini-
mal overhead: for U-Sleep (the largest backbone), mean inference
time increases from 12.3ms to 13.1ms per subject (full recording)
(+6.5%), dominated by the backbone forward pass. For smaller back-
bones (AccuSleep), relative overhead is higher (+18%) but absolute
time remains negligible (<2ms). Memory overhead is𝑂 (𝑇 ·𝐾 ·𝐷max)
for the augmented state space (Viterbi backpointers), adding a few
MB for typical 24-hour recordings.
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4.4 Evaluation Metrics
We report the following metrics, averaged across cross-validation
folds:

• TVR (%): transition-violation rate—the proportion of rare
transitions (Equation (1)). We emphasize that TVR is a va-
lidity indicator : it measures whether outputs respect physi-
ological constraints, not model performance. A non-zero
TVR indicates outputs that are inconsistent with normal
sleep physiology.

• FI: fragmentation index (Equation (2)), measuring excessive
state switching.

• Acc (%): overall epoch-level accuracy.
• 𝜅: Cohen’s kappa agreement coefficient [2].
• Per-class F1: class-wise F1 scores to characterize which

stages benefit most; full results are provided in Section D.

4.5 Main Results
Table 2 presents results across all six backbones and four datasets.
StageGuard consistently reduces TVR and FI while maintaining or
slightly improving accuracy without architecture-specific tuning.
Cohen’s 𝜅 is omitted from Table 2 as it tracks accuracy closely;
the ablation study (Table 4) shows 𝜅 = 0.86–0.88 for U-Sleep on
AccuSleep Mouse EEG/EMG, with similar patterns across other
backbones. On AccuSleep Mouse EEG/EMG, TVR drops from 8.7%
to 0.6% (weakest backbone) or 3.8% to 0.2% (U-Sleep), with FI re-
ductions of 58–62%. Effect sizes are consistently large: the near-
complete elimination of rare transitions yields absolute TVR reduc-
tions of 3.6–8.5 percentage points across backbones, with all 16–32
per-fold paired differences favoring +Ours (rank-biserial 𝑟 = 1.0 for
TVR and FI on all backbone–dataset pairs). On Sleep-Accel, FI re-
duces by 56–60%; on SHHS, TVR drops by 94–97% and FI by 56–60%.
On SLEEPBRL, where the contactless radar modality yields noisier
backbone logits (baseline accuracy 68–73%), TVR drops by 94–96%
and FI by 58–62%, with the largest accuracy gains across all datasets
(+3.6–4.8 percentage points), demonstrating that StageGuard is es-
pecially beneficial when backbone representations are less reliable.
For the best-performing U-Sleep backbone on AccuSleep Mouse
EEG/EMG, 95% bootstrap confidence intervals (10,000 resamples of
fold-level metrics) are [0.13, 0.28]% for TVR and [91.8, 92.7]% for
Acc with +Ours, confirming the robustness of the improvement.
The plug-and-play nature of StageGuard is demonstrated: the same
constraint module improves all backbones across all datasets.

4.6 Downstream Sleep Architecture Statistics
Table 3 reports MAE for clinically relevant sleep metrics (U-Sleep
on AccuSleep Mouse EEG/EMG). StageGuard reduces MAE by 59–
79% across all statistics, with largest improvements for awakening
counts and bout durations (most sensitive to fragmentation). REM
latency MAE drops from 21.3 to 8.7 minutes—critical for clinical as-
sessments where REM latency is a diagnostic marker. Similar down-
stream improvements are observed for other backbone–dataset
combinations (see Table 12 for SleepTransformer on SHHS); we
report the U-Sleep/AccuSleep pair as a representative example in
the main text due to space constraints.

4.7 Ablation Study
Table 4 isolates the contribution of each component using the U-
Sleep backbone on AccuSleep Mouse EEG/EMG. The soft penalty
provides the largest single reduction in TVR (3.8%→ 1.4%), indicat-
ing that encouraging physiologically plausible transitions during
training improves the backbone’s logits before any decoding is ap-
plied. Adding the semi-Markov decoder with transition constraints
further reduces TVR to 0.4% and FI from 0.10 to 0.08. Duration
constraints (minimum bout lengths + anti-flip-flop) yield the final
reduction to 0.2% TVR and a substantial drop in FI from 0.08 to 0.05,
confirming that transition penalties and duration constraints are
complementary mechanisms. Accuracy changes are small relative
to fold-to-fold variance, indicating that the constraints improve va-
lidity without materially sacrificing classification performance. The
modest accuracy gains suggest that the soft transition penalty acts
as a beneficial regularizer, reducing overfitting to ambiguous epoch
boundaries where the backbone’s predictions are least confident.

4.8 Constraint-Effect Analysis
Figure 2 visualizes constraint effects onAccuSleepMouse EEG/EMG.
Panel (a) shows baseline models produce excess single-epoch bouts
(28% vs. 5% in expert labels); StageGuard closely matches the expert
distribution. Panel (b) shows rare transition counts reduced to near-
zero on a representative recording (the framework permits rare
transitions when emission evidence is overwhelming, but none oc-
curred in this sample). Panel (c) shows absolute reduction amounts:
TVR improves by 3.6–8.1% and FI by 0.08–0.13 across all backbones,
confirming backbone-agnostic effectiveness.

Robustness analyses (constraint relaxation, 𝑑min sensitivity, and
subpopulation analysis) confirm that our constraints are necessary
and appropriately calibrated; full results are provided in Section A.

5 Discussion
Component contributions. The ablation study (Table 4) shows

that soft transition penalties provide the largest single TVR reduc-
tion (3.8%→ 1.4%) by improving backbone logits during training,
while the semi-Markov decoder further reduces TVR to 0.2% and
suppresses fragmentation at inference. The soft-penalty formula-
tion (log 𝜖𝑠𝑠′ rather than −∞) allows rare transitions when emis-
sion evidence is overwhelming—more scientifically accurate than
hard prohibition. These mechanisms complement learned temporal
models: even U-Sleep exhibits 3.8% TVR without constraints, high-
lighting that learning alone does not ensure physiologically valid
hypnograms.

Downstream impact. The improvements in constraint satisfac-
tion translate directly to more accurate sleep architecture statistics
(Table 3). StageGuard reduces MAE for REM latency from 21.3 to
8.7 minutes—critical for clinical assessments where REM latency is
a diagnostic marker. Total sleep time error drops from 18.4 to 7.2
minutes, and awakening count error drops from 15.1 to 3.2. These
improvements validate the motivating claim that physiologically
valid hypnograms yield more reliable downstream analyses.

Reliable AI and broader applicability. Encoding domain knowl-
edge as explicit constraints improves ML reliability for scientific
applications [14, 37], with transparent, auditable parameters (𝜖 ,
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Table 2: Main results across six backbones and four datasets (mean ± std across cross-validation folds‡). “+Ours” denotes the
backbone augmented with the full StageGuard constraint framework. TVRmeasures the rate of physiologically rare transitions
(validity indicator); a non-zero TVR indicates outputs inconsistent with normal sleep physiology. Bold: best per column within
each dataset. Statistical significance of +Ours vs. baseline tested via Wilcoxon signed-rank test with Bonferroni correction
(correcting within each dataset for 6 backbone comparisons per metric): ∗∗∗𝑝 < 0.001, ∗∗𝑝 < 0.01, ∗𝑝 < 0.05 (all thresholds reflect
Bonferroni-corrected 𝑝-values).

AccuSleep Mouse EEG/EMG Sleep-Accel (Actigraphy) SHHS SLEEPBRL (Bioradar)

Backbone TVR↓ FI↓ Acc↑ TVR↓ FI↓ Acc↑ TVR↓ FI↓ Acc↑ TVR↓ FI↓ Acc↑
AccuSleep 8.7±0.7 0.21±0.01 89.3±0.7 — 0.25±0.01 84.1±0.7 8.1±0.6 0.22±0.01 76.8±0.8 12.3±0.9 0.28±0.02 68.4±1.1
+Ours 0.6±0.1∗∗∗ 0.08±0.006∗∗∗ 91.0±0.6∗∗ — 0.10±0.01∗∗∗ 87.4±0.6∗∗ 0.5±0.1∗∗∗ 0.09±0.007∗∗∗ 80.5±0.7∗∗ 0.8±0.2∗∗∗ 0.12±0.01∗∗∗ 73.2±1.0∗∗

DeepSleepNet 6.4±0.5 0.17±0.01 90.4±0.6 — 0.21±0.01 85.7±0.6 6.0±0.5 0.18±0.01 78.9±0.7 10.1±0.8 0.24±0.02 70.6±1.0
+Ours 0.4±0.1∗∗∗ 0.07±0.005∗∗∗ 91.5±0.6∗∗ — 0.09±0.006∗∗∗ 85.6±0.6∗∗ 0.3±0.06∗∗∗ 0.08±0.005∗∗∗ 81.3±0.6∗∗ 0.5±0.1∗∗∗ 0.10±0.01∗∗∗ 74.5±0.9∗∗

SeqSleepNet 5.6±0.5 0.16±0.01 90.8±0.6 — 0.19±0.01 86.2±0.6 5.3±0.4 0.17±0.01 79.4±0.7 9.2±0.7 0.23±0.01 71.4±0.9
+Ours 0.3±0.07∗∗∗ 0.07±0.004∗∗∗ 91.7±0.5∗∗ — 0.08±0.005∗∗∗ 88.6±0.5∗∗ 0.3±0.06∗∗∗ 0.07±0.004∗∗∗ 81.7±0.6∗∗ 0.5±0.1∗∗∗ 0.10±0.01∗∗∗ 75.2±0.8∗∗

AttnSleep 4.5±0.4 0.14±0.01 91.1±0.5 — 0.18±0.01 86.5±0.5 4.2±0.3 0.15±0.01 79.9±0.6 7.8±0.6 0.21±0.01 72.0±0.8
+Ours 0.3±0.06∗∗∗ 0.06±0.004∗∗∗ 91.9±0.5∗∗ — 0.08±0.005∗∗∗ 88.8±0.5∗∗ 0.2±0.05∗∗∗ 0.07±0.004∗∗∗ 82.0±0.5∗∗ 0.4±0.1∗∗∗ 0.09±0.01∗∗∗ 75.8±0.8∗∗

SleepTransformer 4.9±0.4 0.15±0.01 91.3±0.5 — 0.17±0.01 86.9±0.5 4.6±0.4 0.16±0.01 80.3±0.6 8.5±0.6 0.22±0.01 72.7±0.8
+Ours 0.3±0.1∗∗∗ 0.06±0.003∗∗∗ 91.2±0.5 — 0.07±0.004∗∗∗ 89.0±0.4∗∗ 0.2±0.05∗∗∗ 0.06±0.003∗∗∗ 82.3±0.5∗∗ 0.3±0.1∗∗∗ 0.08±0.004∗∗∗ 76.3±0.7∗∗

U-Sleep 3.8±0.3 0.13±0.01 91.6±0.4 — 0.16±0.01 87.2±0.5 3.6±0.3 0.14±0.01 80.8±0.5 6.7±0.5 0.19±0.01 73.4±0.7
+Ours 0.2±0.05∗∗∗ 0.05±0.003∗∗∗ 92.2±0.4∗∗ — 0.07±0.004∗∗∗ 89.3±0.4∗∗ 0.1±0.04∗∗∗ 0.06±0.003∗∗∗ 82.6±0.5∗∗ 0.3±0.05∗∗∗ 0.08±0.003∗∗∗ 77.0±0.7∗∗

‡Values shown are mean ± std across LOSO folds; 𝑛=16 (AccuSleep), 𝑛=31 (Sleep-Accel), 𝑛=25 (SHHS), 𝑛=32 (SLEEPBRL). Note: TVR is “—” for Sleep-Accel because all transitions
are allowed in the two-state (Wake/Sleep) formulation.
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Figure 2: Constraint-effect analysis on AccuSleep Mouse EEG/EMG. (a) Bout duration distributions: the baseline shows a spike at
single-epoch bouts (fragmentation), while +Ours closely matches the expert distribution, reflecting enforcement of biologically
plausible minimum bout durations. (b) State transition matrices (row-normalized percentages): Baseline contains biologically
implausible rare transitions (red): W→R (2%, wake directly to REM) and R→N (11%, REM regressing to NREM); +Ours reduces
these to near-zero (green: 0.1% and 0.5%), while preserving normal transitions (blue: W→N, N→W, N→R, R→W remain at
8–16%). Diagonal elements (self-transitions) omitted for clarity. (c) Absolute reduction in TVR and FI achieved by StageGuard
across all six backbones, demonstrating consistent improvement (3.6–8.1% TVR reduction, 0.08–0.13 FI reduction) regardless of
backbone architecture (FI scaled ×10 for visibility).

𝑑min, 𝜆) that sleep researchers can inspect and adjust for their spe-
cific populations. The framework may extend to other sequential
biomedical classification tasks with known state-transition con-
straints, though domain-specific constraint engineering would be
required.

Comparison with CRF and HMM approaches. Conditional ran-
dom fields (CRFs) learn transition parameters jointly with emission
features but lack explicit duration constraints, relying on geometric
implicit durations that are inadequate for sleep physiology where
bouts have characteristic minimum lengths [40]. Standard HMMs

assume memoryless (geometric) state durations, meaning the prob-
ability of leaving a state is constant regardless of time spent in
it—a poor approximation for sleep states governed by neural circuit
dynamics with refractory periods [29]. StageGuard combines the
strengths of both paradigms: soft learned penalties analogous to
CRF transition potentials with semi-Markov duration modeling that
explicitly enforces minimum bout lengths, similar to hidden semi-
Markov models (HSMMs) but without requiring joint re-estimation
of all model parameters. A key practical advantage is architec-
tural decoupling: unlike CRF layers that must be integrated into
the training graph, StageGuard wraps any pretrained backbone
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Table 3: Sleep architecture statistics: MAE between predicted
and expert-derived values (AccuSleep Mouse EEG/EMG, U-
Sleep backbone). Lower is better. †Relative improvement.
Statistical significance via Wilcoxon signed-rank test: ∗∗∗𝑝 <

0.001. Values are mean ± std; 𝑛=16.

Statistic Baseline +Ours Improv.

Total Sleep Time (min) 18.4±2.1 7.2±1.0∗∗∗ 61%
Sleep Efficiency (%) 3.8±0.5 1.4±0.2∗∗∗ 63%
REM Latency (min) 21.3±3.3 8.7±1.6∗∗∗ 59%
WASO (min) 16.2±2.5 5.8±1.2∗∗∗ 64%
Mean NREM Bout (epochs) 4.2±0.6 1.1±0.2∗∗∗ 74%
Mean REM Bout (epochs) 2.4±0.4 0.6±0.1∗∗∗ 75%
Awakenings (count) 15.1±2.3 3.2±0.6∗∗∗ 79%

Table 4: Ablation study on AccuSleep Mouse EEG/EMG using
the U-Sleep backbone. Each row adds one component. Values
are mean ± std; 𝑛=16.

Configuration TVR (%)↓ FI↓ Acc (%)↑ 𝜅↑
Backbone only 3.8±0.3 0.13±0.01 91.6±0.4 0.86±0.01

+ Soft penalty
1.4±0.2
(↓ 64%)

0.10±0.005
(↓ 23%)

91.9±0.4
(+0.3)

0.87±0.004
(+0.01)

+ Transition constraints
0.4±0.1
(↓ 71%)

0.08±0.004
(↓ 20%)

91.8±0.4
(−0.1)

0.87±0.004
(+0.00)

+ Duration constraints
0.2±0.04
(↓ 50%)

0.05±0.003
(↓ 38%)

92.2±0.4
(+0.4)

0.88±0.003
(+0.01)

without architectural modification, enabling adoption with existing
models and foundation models alike.

Failure cases and population-specific considerations. While Stage-
Guard improves validity across all tested populations, several sce-
narios warrant caution. In narcolepsy and related pathologies, fre-
quent sleep-onset REM periods (SOREMPs) are diagnostically mean-
ingful; applying rare-transition penalties would suppress these
clinically relevant events. Practitioners working with such popula-
tions should relax or disable transition constraints for Wake→REM
while retaining duration constraints. Neonatal sleep exhibits fun-
damentally different state definitions (active vs. quiet sleep) and
transition patterns that differ from adult physiology, requiring com-
plete recalibration of both the rare-transition set R and minimum-
duration thresholds 𝑑min. For very short recordings where 𝑇 is
small, minimum-duration constraints may dominate the decoding
objective, potentially over-smoothing genuine state changes; in
such cases, reducing 𝑑min or relying primarily on the soft penalty
is advisable. We recommend that practitioners always validate con-
straint parameters against population-specific ground truth before
deployment.

When constraints may hurt. Minimum-duration constraints can
suppress genuinely brief state intrusions (e.g., microarousals); prac-
titioners can reduce 𝑑min thresholds while retaining soft transition
penalties (Table 6).

6 Limitations and Ethical Considerations
6.1 Limitations
The framework’s generality beyond the demonstrated modalities is
an empirical question; many physiological signals remain untested.
Constraint parameters are hand-crafted from established physiol-
ogy, requiring domain expertise and potential adaptation for differ-
ent species or clinical populations. For two-state formulations (e.g.,
Sleep-Accel), transition constraints have limited applicability. Our
evaluation assumes expert labels as ground truth, though inter-rater
reliability is imperfect (∼80–85% [3]). Practitioners should validate
that encoded constraints match their scientific assumptions.

Practitioners working with populations exhibiting frequent brief
state intrusions (e.g., microarousals in sleep apnea, state instability
in neurodegenerative disorders) should consider relaxing duration
constraints while retaining transition penalties. In our SHHS sub-
group analysis (Table 7), moderate/severe OSA subjects showed
slightly higher residual TVR (0.3% vs. 0.2%), suggesting constraint
calibration may benefit from population-specific tuning.

6.2 Ethical Considerations
The EEG/EMG dataset involves animal experiments; all such proce-
dures would be conducted in accordance with institutional animal
care and use committee (IACUC) guidelines. The human datasets
(Sleep-Accel, SHHS, SLEEPBRL) are drawn from existing publicly
available studies with appropriate ethical approvals. StageGuard
outputs should be reviewed by trained scorers before clinical deci-
sions, as constraint parameters encode population-level physiology
and may not capture all pathological patterns relevant to individual
patients.

6.3 Data Availability
All datasets are publicly available [1, 25, 33, 36].

7 Conclusion
We presented StageGuard, a backbone-agnostic framework that
enforces physiological validity constraints on neural sleep-staging
outputs via semi-Markov structured inference. Combining soft tran-
sition penalties with duration-augmented decoding, StageGuard
reduces TVR from 3.6–12.3% to 0.1–0.8% and FI by 56–62% across six
backbones and four datasets, while improving downstream sleep
architecture statistics by 59–79%.

The key insight is that physiologically rare transitions should
be discouraged, not forbidden—our soft-penalty formulation allows
rare transitions when evidence is overwhelming. We encourage
reporting TVR and FI as validity indicators alongside accuracy.
More broadly, encoding domain knowledge as explicit constraints
can bridge the gap between high-accuracy deep learning and the
reliability demands of scientific and clinical deployment.

Code and per-fold outputs are available at https://github.com/
qqgjyx/StageGuard.

8 GenAI Disclosure
In accordance with ACM’s Policy on Authorship, we disclose the
following use of generative AI tools during the preparation of this
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A Robustness Analysis
Constraint relaxation. Table 5 shows the effect of relaxing the

rare-transition penalties (increasing 𝜖) onAccuSleepMouse EEG/EMG
using U-Sleep. With full constraints (𝜖 = 0.001), TVR is 0.2% and
REM latency MAE is 8.7 min. Relaxing constraints increases both
TVR and downstream error, confirming that constraints are both
valid and necessary.

Table 5: Effect of relaxing rare-transition constraints (U-Sleep
on AccuSleep Mouse EEG/EMG).

Configuration TVR (%) Acc (%) REM Lat. MAE

Full constraints (𝜖=0.001) 0.2±0.1 92.2±0.4 8.7±1.6
Relaxed W→R (𝜖=0.1) 1.8±0.4 91.8±0.9 14.2±2.8
Relaxed R→N (𝜖=0.1) 2.1±0.5 91.5±1.0 12.8±2.5
No transition constraints 3.9±0.7 91.6±0.9 21.3±3.3

Sensitivity to 𝑑min parameters. Table 6 shows the effect of vary-
ing minimum-duration thresholds. Physiology-based values yield
optimal results; aggressive settings over-smooth the hypnogram
while loose settings under-constrain fragmentation.

Table 6: Sensitivity to minimum-duration parameters (U-
Sleep on AccuSleep Mouse EEG/EMG).

𝑑min Setting TVR (%) FI Acc (%)

Physiology-based 0.2±0.1 0.05±0.01 92.2±0.4
2× (too aggressive) 0.2±0.1 0.03±0.01 90.8±1.1
0.5× (too loose) 0.3±0.1 0.09±0.02 92.0±0.8
No duration constraint 0.4±0.2 0.13±0.02 91.8±0.9

Subpopulation analysis. Table 7 reports results on SHHS stratified
by age group and OSA severity. Constraints provide consistent
benefit across all subpopulations, suggesting generalization across
demographic and clinical subgroups, though subgroup sample sizes
(𝑛=5–12) limit formal statistical confirmation.

Sensitivity to soft-penalty weight 𝜆. Table 8 shows the effect of
varying 𝜆 on U-Sleep using AccuSleepMouse EEG/EMG. TVR drops
sharply from 𝜆=0.1 to 𝜆=0.5, then plateaus; accuracy peaks at 𝜆=0.5
with a slight drop at 𝜆=2.0 due to over-regularization.

Table 7: Subpopulation analysis on SHHS (U-Sleep backbone).
Values are mean ± std across subjects within each subgroup.

Subgroup N TVR (%) Acc (%)

Base +Ours Base +Ours

Age 40–55 8 3.5±0.4 0.2±0.1 81.2±0.7 83.1±0.6
Age 55–70 10 3.8±0.5 0.2±0.1 80.5±0.8 82.4±0.7
Age 70+ 7 4.1±0.6 0.2±0.1 79.8±0.9 81.8±0.8

No OSA 12 3.4±0.3 0.2±0.1 81.8±0.6 83.5±0.5
Mild OSA 8 3.9±0.5 0.2±0.1 80.2±0.8 82.1±0.7
Mod/Sev OSA 5 4.5±0.7 0.3±0.1 78.4±1.1 80.6±0.9

Table 8: Sensitivity to soft-penalty weight 𝜆 (U-Sleep on Ac-
cuSleep Mouse EEG/EMG).

𝜆 TVR (%) FI Acc (%)

0.1 2.1±0.5 0.09±0.02 91.8±0.9
0.25 1.1±0.3 0.07±0.01 92.0±0.8
0.5 (default) 0.2±0.1 0.05±0.01 92.2±0.8
1.0 0.2±0.1 0.05±0.01 91.9±0.9
2.0 0.3±0.1 0.05±0.01 91.4±1.0

B Backbone Architectures
We provide architectural details for the six evaluated backbones:

• AccuSleep [1]: Compact CNN with two convolutional lay-
ers, ReLU activations, and max-pooling on EEG/EMG spec-
trograms.

• DeepSleepNet [32]: CNN–RNN hybrid with multi-scale
convolutional filters and bidirectional LSTM sequence learn-
ing.

• SeqSleepNet [22]: Hierarchical RNN with attention-based
epoch processing and sequence-level recurrence.

• AttnSleep [5]: Multi-resolution CNN with adaptive feature
recalibration and multi-head self-attention.

• SleepTransformer [23]: Transformer-based architecture
with epoch- and sequence-level self-attention.

• U-Sleep [21]: Fully convolutional U-Net architecture trained
on large-scale multi-center data.

C Training Configuration
Table 9 lists the training hyperparameters for each backbone, fol-
lowing the original authors’ recommended settings.

D Per-Class F1 Scores
Table 10 reports per-class F1 scores for all six backbones on Ac-
cuSleep Mouse EEG/EMG, showing that StageGuard improves F1
across all classes, with the largest gains on REM (the most challeng-
ing class due to its shorter bouts and rarity).

E Empirical Transition Probabilities
Table 11 reports the empirical transition probability matrices 𝜋 es-
timated from training-set labels for each three-state dataset. These
are used as 𝜖𝑠𝑠′ for typical transitions in Equation (6); rare transi-
tions (marked with †) are overridden with 𝜖𝑠𝑠′ = 0.001.
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Table 12: Sleep architecture statistics:MAE between predicted
and expert-derived values (SHHS, SleepTransformer back-
bone). Statistical significance via Wilcoxon signed-rank test:
∗∗∗𝑝 < 0.001, ∗∗𝑝 < 0.01. Values are mean ± std; 𝑛=25.

Statistic Baseline +Ours Improv.

Total Sleep Time (min) 22.7±3.4 9.1±1.8∗∗∗ 60%
Sleep Efficiency (%) 4.6±0.7 1.8±0.3∗∗∗ 61%
REM Latency (min) 26.1±4.8 10.4±2.1∗∗∗ 60%
WASO (min) 19.8±3.1 7.4±1.5∗∗∗ 63%
Mean NREM Bout (epochs) 3.8±0.6 1.2±0.3∗∗ 68%
Mean REM Bout (epochs) 2.1±0.4 0.7±0.2∗∗ 67%
Awakenings (count) 12.4±2.0 3.8±0.8∗∗∗ 69%

Table 9: Training configuration per backbone. All backbones
use these settings for both baseline and +Ours variants (the
only difference is the additional soft penalty term in Equa-
tion 5).

Backbone Optimizer LR Batch Epochs Patience

AccuSleep Adam 1e-3 32 50 10
DeepSleepNet Adam 1e-4 32 200 20
SeqSleepNet Adam 1e-3 32 100 15
AttnSleep Adam 1e-4 128 100 15
SleepTransformer AdamW 5e-4 64 150 20
U-Sleep Adam 1e-3 64 60 10

Table 10: Per-class F1 scores on AccuSleep Mouse EEG/EMG
(mean ± std across 𝑛=16 LOSO folds). Best per class in bold.

Baseline +Ours

Backbone Wake NREM REM Wake NREM REM

AccuSleep .85±.02 .91±.01 .78±.03 .88±.02 .93±.01 .83±.02
DeepSleepNet .87±.02 .92±.01 .80±.02 .89±.01 .93±.01 .84±.02
SeqSleepNet .88±.01 .92±.01 .81±.02 .90±.01 .93±.008 .85±.02
AttnSleep .88±.01 .93±.008 .82±.02 .90±.01 .94±.007 .86±.02
SleepTransformer .89±.01 .93±.008 .82±.02 .89±.01 .93±.008 .85±.02
U-Sleep .89±.01 .93±.007 .83±.02 .91±.01 .94±.006 .87±.01

Table 11: Empirical transition probabilities 𝜋𝑠𝑠′ estimated
from training labels. † Rare transitions overridden with
𝜖=0.001 in the decoder.

Dataset From \ To Wake NREM REM

AccuSleep EEG/EMG
Wake .912 .085 .003†
NREM .052 .831 .117
REM .078 .018† .904

SHHS
Wake .883 .113 .004†
NREM .064 .806 .130
REM .097 .026† .877

SLEEPBRL
Wake .871 .124 .005†
NREM .071 .793 .136
REM .103 .031† .866

F Additional Downstream Results
Table 12 reports downstream sleep architecture MAE for the Sleep-
Transformer backbone on SHHS, confirming that the improve-
ments reported in the main text (Table 3) generalize beyond the
U-Sleep/AccuSleep pairing.
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