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ABSTRACT

Rodents are the most widely used experimental animals in biomedical research,
but human neurological disorders involve behaviors and mental states that are
challenging to study in rodents. Techniques such as electroencephalography
(EEG) monitor brain activity objectively, yet how brain states manifest across
species remains unclear, limiting translatability. We use a Quadruplet Split Latent
Permutation Autoencoder (QSLP-AE) to map human and mouse sleep EEG into a
shared 2-d latent space. The QSLP-AE exchanges latent representations during re-
construction to produce aligned representations of mouse and human sleep stages,
as a proxy for cross-species representations of mental states. Notably, QSLP-AE
matches the performance of conventional contrastive learning using only the au-
toencoder reconstruction loss. Exploiting the 2-d space, we visualize and quantify
the correspondence between species from the model perspective. These results
demonstrate the potential of QSLP-AE to align neural representations and bridge
the translational gap.

1 INTRODUCTION

Vital knowledge has been gained in neuroscience thanks to the use of rodents. However, the knowl-
edge in rodents often translates poorly to clinical applications, with drugs for central nervous system
disorders presenting very low success rates (Wilson et al., [2014} |(Goetghebeur & Swartz, [2016} [Tian
etal.,2017). Among the reasons involved, two aspects play a prominent role: (1) differences in brain
anatomy and molecular mechanisms between humans and rodents despite substantial overlap; and
(2) the difficulty of modeling complex human behaviors in animals (Azkona & Sanchez-Pernaute
2022; |Cavanagh et al.l [2021). This points to a clear need: a readout that measures cognitive pro-
cesses objectively and consistently across species (Barron et al.| 2020).

Electroencephalography (EEG), which measures the electrical activity of neuronal populations, is a
natural choice for identifying such common markers. Notably, sleep is one of the neural processes
that can be most clearly defined from EEG, and in both humans and rodents, sleep presents distinct
and clearly differentiable mental states known as sleep stages. In addition, sleep is altered in many
neurological disorders (Wulff et al.,[2010) and can be useful to understand the pharmacodynamics
of psychoactive compounds, sometimes with similar effects in humans and rodents (Drinkenburg
et al., 2016 Wilson & Danjoul 2015). However, there are still many gaps in methodology and sleep
physiology that remain an obstacle for translating findings. This includes the number of sleep stages,
currently defined by five stages in humans and three in mice (Rayan et al.}[2022). Furthermore, some
spectral features can present frequency shifts between species, such as theta band power (Jacobs,
2014)), and sleep spindles (Maheshwaril 2020).

Consequently, there is a need for modeling procedures capable of mapping data from each species
into a shared representational space, in which neural representations across species can be aligned
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and more easily compared (Barron et al., [2020). Here, representation learning, provides a powerful
framework for relating neural processes that might manifest slightly differently across species.

Whereas contrastive learning has been widely adopted to guide and align latent representations (Uel-
wer et al.|,[2025])), we explore a recently proposed representation learning framework previously used
for EEG signal conversion across human subjects (Ngrskov et al., [2023)). Specifically, we consider
the quadruplet split latent permutation autoencoder (QSLP-AE) formulation introduced therein. No-
tably, the QSLP-AE only relies on an autoencoder loss to learn invariant representations. It achieves
this by splitting the latent space into two separate latent representations, which account for neural
state and individual-specific variability, and by including a permutation mechanism between la-
tent representations. We here utilize the well-defined sleep stages as proxies for mental states, and
adapt the QSLP-AE framework to map human and mouse EEG data into a two-dimensional shared
space, investigating if species-aligned representations can be achieved. We systematically compare
the QSLP-AE procedure with conventional contrastive learning to guide the latent representations
towards species-agnostic representations of sleep stages, and we demonstrate that the QSLP-AE
provides a promising alternative learning framework successfully aligning representations.

2 DATA

We use the Mouse Sleep Staging Validation dataset (MSSV) with EEG and EMG data of 92 mice
from five laboratories (Rose et al., 2025). The dataset includes sleep scores in 4-second epochs
assigned by a sleep expert to either Wake, REM (rapid-eye-movement sleep), or NREM (non rapid-
eye-movement). For the human data, we use the SleepEDF (Kemp et al., [2000) and the Sleep
Heart Health Study (SHHS) (Zhang et al.,[2018)) datasets, which include EEG and EMG recordings.
SleepEDF has 77 subjects, and from SHHS (6,441 subjects) we randomly sample 120 subjects to
match the human and mouse data. Both human datasets were originally scored according to the
R&K standard in 30-second epochs, labeled as Wake, N1, N2, N3, N4 or REM (Rechtschaffen &
Kales|, [1968)). We merge stages N1-N4 into a single NREM class to match mouse NREM, which is
typically not subdivided in mice. A full overview of the datasets is available in Appendix [A.T]

For the modeling, only one EEG and one EMG channel are used. Each EEG epoch is transformed
into its power spectral density (PSD) vector € R'2®, which represents power along 128 frequency
bins. Unlike the EEG, only the total power of the EMG, rather than its frequency content, is relevant
across sleep stages, so we use the epoch-wise root mean square (RMS) as the EMG input.

3 METHODS

Our model builds on the previously proposed Contrastive Split-Latent Permutation Autoencoder,
considering the Quadruplet Split-Latent Permutation (QSLP-AE) approach described in |[Ngrskov
et al|(2023). QSLP-AE was originally designed to convert EEG signals between new, unseen sub-
jects using EEG from event-related potentials (ERPs) (Kappenman et al., [2021). ERPs reflect the
brain’s electrical response to specific events, with a “task” referring to the event that elicits the
response (e.g., visual or auditory cues). Thus, for a successful conversion, the model disentan-
gles style information (i.e., subject-specific variability) from task information (i.e., stimulus-specific
variability). In our goal of aligning cross-species EEG during sleep, we similarly need to disentan-
gle individual-specific variability (style), which reflects the species, from the underlying sleep stage
(task). Throughout, we use the word “individual” to denote a human or a mouse.

QSLP-AE has an autoencoder structure with two latent spaces that respectively encode style and
task, and are ideally independent from each other. The model is trained via permutations of the latent
representations between samples, which serve as the primary mechanism for the disentanglement.
The process is shown graphically in Figure Two same-class instances are projected into their
style and task embeddings. Same-class embeddings are permuted and decoded, and the weights are
optimized to minimize the reconstruction error. Since the inputs are randomly sampled with respect
to the style (i.e., individual and species), the model is trained to learn task representations invariant
to species. An analogous swap enforces consistency in style embeddings across tasks (Figure @b).
However, since only one latent is permuted, the model may rely on the structural information of the
unpermuted latent to minimize the error (Ngrskov et al.l |2023)). Extending the permutation to four
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Figure 1: Training paradigms. (a) Same-task permutation. Same-class embeddings are permuted
(orange lines). (b) Contrastive loss showing the same embeddings as in the quadruplet permutation,
with the color of the circle indicating the class, and the edge of the circle indicating the secondary
class (e.g., yellow circle with blue edge represents the style embedding of the input from individual
A and task 1). (¢) The quadruplet permutation removes all input-to-output paths.

input samples eliminates all direct paths from the input to the output, thereby preventing this issue
and forming the quadruplet split latent permutation (QSLP) (see Figure[Ic).

We modify the original architecture from |[Ngrskov et al.| (2023) to use PSDs instead of raw signals.
We use a low-dimensional bottleneck with a 16-dimensional style latent space and a 2-dimensional
task latent space to enable 2-d visualization of sleep stage representations and constrain cross-species
variability. A baseline with as many dimensions as classes in the training set is included (199 individ-
uals in the style space, 3 sleep stages in the task space). To compensate for the very low-dimensional
bottleneck, we augment model capacity by increasing the number of layers and adding parallel en-
coders for the two latent representations, which completely separate the process of extracting style
(i.e., individual and species specific information) and task features (i.e., sleep stage information).
The full architecture is depicted in[A.5]

3.1 TRAINING PARADIGMS

Quadruplet split latent permutation The quadruplet permutation removes all paths from input
to output. The loss function is the average mean squared error (MSE) of the four samples used by
the QSLP-AE. If ¢, ; € R!28 i5 the PSD of a sample with style s and task ¢, and &, ; € R28 is its
reconstruction, the loss of the example in Figure [Ic|would be:

1 . . . .
Losie = = ([|a,1 — Tanll3 + (|2 — Taoll3 + 161 — Epall5 + [To2 — o2ll3) (D
4

Contrastive learning The permutation paradigm relies on reconstruction loss in the original data
space. Style—task disentanglement and cross-species alignment can alternatively be achieved us-
ing contrastive learning (CL) to promote latent alignment. Specifically, a contrastive loss in the task
space explicitly pulls together representations of same-task pairs and pushes apart different-task rep-
resentations (Figure[Ib). The two input samples are again randomly selected with respect to species,
so cross-species similarity is enforced. Likewise, a contrastive loss in the style space promotes sim-
ilarity for same-individual, different-task pairs (Figure [Ib). Both contrastive objectives minimize a
temperature-scaled symmetric cross-entropy loss between two representations, with cosine similar-
ity as similarity metric. This is equivalent to a NT-Xent-based CLIP loss (Chen et al., [2020j; Radford
et al.,[2021). If we have Z’ and Z"" matrices in RP* X containing paired same-class representations
for K classes in a latent space in R, with 7 as a trainable temperature parameter:

exp(sim(zy, zi) /7)

Lntxent(Z',Z" k) = —log
N ) S K g exp(sim(z), 2!) /7)

2



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

K
Law(Z,2") = = 3 (Cxrxanl 2 2" K) + Lxvxen( 2", 2 F) ) 3)
k:

Standard autoencoder As arepresentation learning baseline without disentanglement promotion,
we include a standard split latent autoencoder (equivalent to Figure [Ta]but without permutation).

3.2 PERFORMANCE METRICS

To assess the quality of the latent representations, we use classification accuracy on style and task
prediction. We train four XGBoost probes on four classification tasks: style (i.e., individual) classi-
fication from style latents (S-on-S), task (i.e., sleep stage) classification from task latents (T-on-T),
style classification from task latents (S-on-T), and task classification from style latents (T-on-S).
K-nearest neighbors and multinomial regression probes are also shown in section[A.6]

To quantify the similarity of sleep stages and species, we compute the distance between sleep stages
in the 2-d task space. We use the Jensen-Shannon (JS) distance between the sleep stage distributions
of different individuals (i.e., inter-individual distance). The JS distance is bounded between 0 and 1,
with two identical distributions having a distance of 0. See sections[A.7]and [A.8]for further details.

4 RESULTS AND DISCUSSION

4.1 QUALITY OF THE LATENT REPRESENTATIONS

In Table |1} the baseline (reconstruction loss) shows low S-on-S and T-on-T accuracies, which is
expected due to the absence of factors encouraging disentanglement. On the other hand, the con-
trastive and quadruplet losses achieve high style prediction performance (S-on-S), considering that
there are 45 individuals in the test set. Sleep stage prediction is also considerably better than ran-
dom (33%) in both losses, and comparable but below state-of-the-art (Rayan et al.| |2022; Phan &
Mikkelsen, 2022)). Thus, the style and task spaces meaningfully represent their domains when us-
ing the quadruplet and contrastive losses. Remarkably, the contrastive and quadruplet losses show
comparable performance, demonstrating that disentanglement and cross-species representations can
arise from reconstruction loss alone, without explicit modeling of the latent space. The wide bot-
tleneck (ds = 199, d; = 3) slightly improves S-on-S over the compact bottleneck (d; = 16, d; = 2),
which in turn improves disentanglement (lower T-on-S and S-on-T), limits cross-species variability,
and enables straightforward visualization of sleep stage representations in the 2-d latent space.

Regarding disentanglement, task information leaks into the style space (T-on-S in table[I)), probably
due to the fact that the task space is low-dimensional and the model uses the larger capacity in the
style space to jointly encode task and style. However, the model’s ability to effectively model task
information in the task space is not prevented by this. Sleep stages are successfully encoded in the
task space, but with species overlap instead. Figure [2] shows the style and task latent spaces. The
style space, clearly structured in two human and mouse regions, encodes most of the human-mouse
variability (Figure [2a] left), while most species-variability is removed from the task space (Figure

[2b] right).

Table 1: Balanced accuracy of the four XGBoost probes described in with narrow (16-d in style
space, 2-d in task space) and wide (199-d and 3-d) bottlenecks. Mean and standard error of the mean
across 4 folds of unseen individuals. Bold font indicates the best loss within the same bottleneck
and probe. Arrows denote directionality (1 = higher is better).

Losses Latent dims. S-on-S 1 T-on-T 1 T-on-S | S-on-T |
Standard AE ds =16,d¢ =2 3536 +£275 52.84+292 7223+1.23 10.57+0.72
ds =199,d: =3 46.13+4.56 50.81+1.05 87.59+0.25 11.39+1.49
Contrastive Learning ~ ds = 16,d; = 57.46 +£3.36 84.25+0.61 8397+0.85 821+0.74
ds =199, d; = 63.12 £3.58 85.15+0.74 89494+0.21 11.86+1.06
QSLP-AE ds =16,d; = 57.45+£5.89 84.80+0.52 89.88+0.19 7.09 £+ 0.71
ds =199,d; = 60.51 +6.11 8537 +0.32 90.31 £0.59 13.05+1.25
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(a) 16-d style latent space (-SNE reduction). Left: (b) 2-d task latent space. Left: colored by sleep stage.
colored by individuals. Right: colored by sleep stage. Right: colored by species.

Figure 2: Latent spaces. Test set of fold 1 in the QSLP-AE with compact bottleneck (d; =16, d: =2).
In (a), individuals are colored in a gradient from mouse to human, with mice and humans generally
colored in cold and warm colors respectively, with the corresponding dataset provided in the labels.
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-
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(a) Contour plots of the task space. Test set of fold 1 in (b) Inter-individual JS distance between sleep stages in
the QSLP-AE model with compact bottleneck (ds = the QSLP-AE. Average and standard error of the mean
16,d; = 2). across four folds of individuals unseen during training.

Figure 3: Visualization and quantification of sleep stage correspondence between species.

4.2 CROSS-SPECIES REPRESENTATIONS

Figure [3a] shows contour plots of the task latent space, demonstrating how corresponding stages
occupy the same region independently of species. The distance between stages in the QSLP-AE
is shown in Figure [3b] As expected, the inter-individual distance is smallest within the same stage
and species, which is clearly seen in the diagonal in Figure [3b] Inter-individual variation within
species is lowest for NREM sleep, intermediate for wake, and highest for REM, especially in mice.
Regarding cross-species distance, correspondent stages between species present smaller distances,
with NREM and wake showing similar distance between species, and REM presenting larger cross-
species variability. This can also be seen in Figure 3a] where the REM clusters of both species are
next to each other but do not overlap. JS distance for Standard AE and CL is shown in[A.9]

5 CONCLUSION

This work illustrates how representation learning, and specifically the QSLP-AE framework, can be
used to bridge neural representations across different species, even on unseen individuals. While
the performance of the quadruplet loss is comparable to that of the contrastive, the quadruplet loss
comes with the advantage of having a decoder to generate data from the latent space, which could be
used to gain further insights. The most interesting application of this framework would be on data
from neurological disorders, which would allow for understanding how disease models in animals
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actually relate to human disease. A limitation is that sleep stages are more easily differentiated in
the EEG, while other mental states of interest, such as attention level, cognitive processes or mood,
do not manifest as clearly. Nevertheless, this framework presents itself as a promising avenue to
address relevant questions in translational neuroscience.
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A APPENDIX

A.1 DATA

A summary of the datasets and the prevalence of each sleep stage is shown in table[2] REM stands
for rapid eye movement sleep, a stage characterized by high brain activity, while NREM (non—rapid
eye movement) sleep consists of deeper, restorative stages (Wultf et al., 2010).

Data splits Stratified 4-fold cross-validation (CV) is performed across individuals (humans and
mice), with approximately 70%, 15% and 15% of the individuals of each dataset allocated to the
training, evaluation and test sets respectively. Additionally, a given individual (human or mouse)
can be in the evaluation or test set only once across all folds. All results tables show the mean
and standard error of the mean across the test set of the 4 folds, and all latent spaces show test
data (individuals unseen during training). Likewise, all probes are trained and tested on unseen
individuals (see[A.6).

Mouse epoch merging Transforming the raw signals from the time domain into PSDs gives hu-
man and mouse data the same shape, but the different epoch lengths (30 s vs 4s) still introduce
human-mouse differences because shorter signals create noisier PSD estimates. To compensate,
seven consecutive mouse epochs of the same sleep stage are merged into 28 s epochs.

Table 2: Datasets overview with ratio of each sleep stage per dataset (%). Humans: Although a
single NREM class is used for training and reporting results, we show the full range of human sleep
stages according to the standard of the American Academy of Sleep Medicine (Troester et al.,|2023)).
Mice: Mouse epoch counts are based on the longer 28-second epochs.

Dataset Channels Individuals Epochs Wake NREM REM
NI N2 N3

Human datasets

Fpz-Cz, Pz-Oz,
SleepEDF submental EMG 77 135,855 033 0.11 036 0.07 0.13
C3/A2, C4/A1,

SHHS submental EMG 120 109,448 022 0.04 045 0.13 0.15
Total 197 245,303 0.28 0.08 040 0.10 0.14
Mouse datasets

1 ipsilateral-

MSSV1 frontoparietal, neck EMG 10 78,430 0.56 0.38 0.05
2 parietal, 2 frontal,

MSSV2 neck EMG 17 23,304 0.49 0.46 0.05
1 parietal, 1 frontal,

MSSV3 neck EMG 32 109,155 0.56 0.38 0.06
1 parietal, 1 frontal

MSSV4 or 1 cerebellum, 1 frontal, 27 9,589 0.27 0.66 0.07
neck EMG
1 parietal, 1 frontal,

MSSV5 neck EMG 6 24,483 0.49 0.45 0.06
Total 92 244961 0.54 0.41 0.05
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A.2 SIGNAL PRE-PROCESSING PIPELINE

Some of the datasets provide more than one EEG channel. Since the model uses a single EEG and
a single EMG channel, one EEG channel is randomly selected when multiple EEG channels are
available.

Each EEG epoch is transformed into its power spectral density (PSD) vector € R'?®, representing
power across 128 frequency bins. This representation ensures a consistent input shape for human
and mouse data despite differing epoch lengths (30 s vs. 4 s) and avoids the need for the autoencoder
to reconstruct phase information, which is arbitrary and not informative for sleep staging given that
epochs are randomly spaced in time. The PSD therefore constitutes the main EEG input to the
model.

Unlike the EEG, sleep-stage information in the EMG is primarily conveyed by total power rather
than frequency content. We therefore use the epoch-wise root mean square (RMS) as the EMG
input.

Finally, the EEG PSD is normalized by the total power of each epoch. In addition, analogously to
the EMG, we compute the RMS of the EEG signal and provide it as an auxiliary input to the model.

The pre-processing pipeline can be broken down as follows:

1. Resampling to 100 Hz with anti-alias filtering.
2. If more than one EEG channel available, a random channel is picked.
3. Filtering:

* EEG: band-pass filtered in the range [0.5-25] Hz with a Butterworth filter of order 15.

* EMG: high-pass filtered with a cutoff frequency of 10 Hz with a Butterworth filter of
order 4.

4. Power spectral density (PSD) of the EEG.

* Computation: Welch method with a 200-point window size, 100-point step size and
256-point FFT length. This yields a 128-dimensional vector that represents the power
along 128 frequency bins.

 Per-epoch normalization: normalization of the PSD by its total power, which is com-
puted as the integral of the PSD computed with the Simpson method.

5. Root mean squared calculation (both in EEG and EMG). The RMS is z-scored using the
mean and standard deviation across all epochs in the same recording.

A.3 TRAINING DETAILS

A batch size of 256 elements is used (128 pairs of samples in the contrastive loss, or 64 quadruplets
of samples in the quadruplet loss). The Adam optimizer (Kingma & Ba, 2017) was used with
a learning rate of 10, decayed to 10~° using cosine annealing starting at 50% of the training.
Two XGBoost classifiers were trained and tested on the evaluation set, which contained different
individuals than that from training. The XGBoost classifiers were trained to classify individuals and
sleep stage from the style and task embeddings respectively. The harmonic mean of the balanced
accuracy in individual and sleep stage classification was used to select the best model during training.
Because of the conditions imposed by the quadruplet and contrastive losses, we consider an epoch
has happened when the model has seen an amount of samples equivalent to the amount of samples
in the training set, although samples from underrepresented classes are repeated because of the
sampling constraints imposed by the contrastive and quadruplet losses. The models were trained for
220 epochs.

A.4 BASIC PERMUTATIONS

Basic permutations of task (Figure fa)) and individual embeddings (Figure [Ab)) are shown.
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Figure 4: Basic permutation logic in the QSLP framework. Two samples with either (a) same task or
(b) same individual are sampled. The encoder projects the samples into style and task embeddings.
Same-class embeddings are permuted (orange lines) and the input is reconstructed by the decoder.
When individuals A and B are from different species, the permutation promotes cross-species rep-
resentations of tasks (sleep stages).

A.5 ARCHITECTURE

The model (Figure [3)) consists of two parallel encoders for style and task, which have 5 blocks
of 1-dimensional convolutions in the frequency axis. Within each block, the 1-d convolutions are
followed by a 1-d strided convolution that halves the frequency axis each time. Because the input
PSD only contains relative spectral power, we concatenate the absolute RMS power of both EEG and
EMG channels. Next, attention is conferred by 5 transformer layers (Vaswani et al., |2017). A last
1-d convolution with a larger kernel fully collapses the frequency dimension, so that only the latent
dimension (i.e., the number of filters of the last convolution) is left. The style and task embeddings
are later concatenated to create a unified embedding. Except when trained with the Contrastive
Learning setting, the embeddings are propagated through a symmetric decoder, that reverses the
transformations through transposed strided convolutions and yields the reconstructed PSD.

Input Power Spectral Density (PSD)

W Conv1d(c=256, k=1, p=0, s=1)

I + ReLU + InstanceNorm

Encoder(latent_dimension) ConvBlock

(output_channels, last_kernel)

Conv1d(c= 256, k=3, p=1, s=1)

ConvBlock(256, 1) + RelLU + InstanceNorm

ConvBlock(256, 1)

Encoder(d) Encoder(d;) d
x5 Conv1d(c= 256, k=1, p=0, s=1)
Convid ; + ReLU + InstanceNorm
(c= 256, k=4, p=1, s=2)

Style Task s e
embeddin: embeddin E:LEEEN?G Conv1d(c=output_channels, ||
k=last_kernel, p=0, s=1) |
Transfomer (5 layers) 0
e mmmmmmm s

Block(( i ion, 4]

TransposedConvBlock Trar vBlock T WBlock ConvBlock(lateniddimension L)

Decoder

\tj
ConvBlock(256, 1) ‘

i Transfomer (5 layers)

Decoder “

ConvTranspose1d(c= 256, k=3,
p=1, s=1) + ReLU + InstanceNorm

Conv1d(c= 256, k=1, p=0, s=1)
+ ReLU + InstanceNorm

TransposedConvBlock

ConvTranspose1d

(c= 256, k=4, p=1, s=2)

Conv1d
(c=256, k=1, p=0, s=1)

/\L ConvBlock(1, 1)

Reconstructed PSD

Figure 5: Architecture of the model. Encoder: d; and d; are the dimensions of the style and task
vector embeddings respectively. 1-d convolutions: ¢ is the number of channels of the convolution, k
is the kernel size, p is the padding on both sides of the input, and s is the stride of the convolution.
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A.6 LATENT SPACE PROBES

The quality of the learned latent spaces in encoding individuals and sleep stages is evaluated us-
ing three classifiers: XGBoost (to assess non-linearity), K-nearest neighbors with 200 neighbors (to
assess local structure), and multinomial regression (to assess linearity). Only test-set individuals
(unseen during the training of the model used for embedding extraction) are used to train and evalu-
ate the classifiers. Within each of the 4 subject folds (see @) the test set is further divided into five
sub-folds for cross-validation of the probes. To address strong class imbalance across individuals
and sleep stages, each sub-fold’s training set is undersampled to match the minority class. Balanced
accuracy is used as the performance metric. Results for the losses in the main text and a combination
of them are shown in tables[3] ] [5| for the XGboost, KNN and MR classifiers respectively.

Table 3: Balanced accuracy of the XGBoost classifier, with narrow (16-d in style space, 2-d in task
space) and wide (199-d and 3-d) bottlenecks. Mean and standard error of the mean across 4 folds of
unseen individuals. Bold font indicates the best loss within the same bottleneck and probe. Arrows
denote directionality (1 = higher is better). S-on-S: style prediction from style latents. T-on-T: task
prediction from task latents. T-on-S: task prediction from style latents. S-on-T: style prediction from
task latents.

Losses Latent dims. S-on-S 1 T-on-T 1 T-on-S | S-on-T |

Standard AE ds =16,d¢ =2 3536+275 52.84+292 7223+123 10.57+£0.72
ds =199,d; =3 46.13£456 5081 +£1.05 87.59+£0.25 11.39+1.49

Contrastive Learning ds =16,d¢ =2 5746+336 8425+061 8397+£0.85 821+0.74
ds =199,d¢ =3 63.12£3.58 8515+0.74 89.49+0.21 11.86+£1.06

QSLP-AE ds =16,d¢ =2 5745+5.89 84.80+0.52 89.88+0.19 7.09+0.71
ds =199,d¢ =3 6051 £6.11 8537+£0.32 90.31+0.59 13.05£125
Standard AE + CL ds =16,ds =2 5744+£333 8444+£079 8448+£021 852+095
ds =199,d¢ =3 64.68 £3.74 8520+£036 9049 +0.14 1244 +£1.78
QSLP-AE + CL ds =16,ds =2 55.04+496 8427+092 8544+£043 837+0.73

ds =199,d¢ =3 63.13£3.37 84.53+0.78 89.95+0.14 9.77+1.16

Table 4: Balanced accuracy of the KNN classifier, with narrow (16-d in style space, 2-d in task
space) and wide (199-d and 3-d) bottlenecks. Mean and standard error of the mean across 4 folds of
unseen individuals. Bold font indicates the best loss within the same bottleneck and probe. Arrows
denote directionality (1 = higher is better). S-on-S: style prediction from style latents. T-on-T: task
prediction from task latents. T-on-S: task prediction from style latents. S-on-T: style prediction from
task latents.

Losses Latent dims. S-on-S 1 T-on-T 1 T-on-S | S-on-T |

Standard AE ds =16,ds =2 2399 +443 54.60+1.70 64.68+0.93 10.33 £ 0.64
ds =199,d; =3 28.17+£493 49.18 £1.24 7553+1.05 11.54+1.67

Contrastive Learning ds =16,d¢ =2 47.11 £556 83.61+1.06 7535+0.61 6.84+0.28
ds =199,d; =3 5140+£4.06 8628+£0.82 8043+090 10.55+1.21

QSLP-AE ds =16,dy =2 37.86 £8.68 84.46+0.47 87.06 031 6.59£0.35
ds =199,d; =3 36.73£9.23 85.66£0.59 86.14+0.81 10.68+1.48

Standard AE + CL ds =16,dy =2 4850 £4.99 84264130 7321+£122 7.63£0.60
ds =199,d; =3 5147535 8599+£0.89 8270+0.76 10.73+1.25
QSLP-AE + CL ds =16,d¢ =2 4372+7.17 83.17+£1.66 7699+ 135 6.86+0.39
ds =199,d¢ =3 5024 +493 8629+0.69 80.88+0.90 9.74+1.12
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Table 5: Balanced accuracy of the Multinomial Regression classifier, with narrow (16-d in style
space, 2-d in task space) and wide (199-d and 3-d) bottlenecks. Mean and standard error of the mean
across 4 folds of unseen individuals. Bold font indicates the best loss within the same bottleneck
and probe. Arrows denote directionality (1 = higher is better). S-on-S: style prediction from style
latents. T-on-T: task prediction from task latents. T-on-S: task prediction from style latents. S-on-T:
style prediction from task latents.

Losses Latent dims. S-on-S 1 T-on-T 1 T-on-S | S-on-T |

Standard AE ds =16,d¢ =2 33.08+2.10 50.18 +£2.58 5539+246 10.50+ 1.09
ds =199,d¢ =3 4879 £336 41.62+250 85.64+049 12.00+£1.02

Contrastive Learning ds =16,d; =2 5642 +0.93 84.17+1.33 51.90 + 1.58 527 £0.23

ds =199,d¢ = 68.13+246 86.19+099 81.13+£0.77 6.60+0.08
QSLP-AE ds =16,d¢ =2 4431131 8530+0.72 8276096 4.03 £ 0.25
ds =199,d¢ =3 6151 £394 8557+0.79 87.62+0.54 6.89 £0.25
Standard AE + CL ds = 16,d; = 55.19+ 149 84.60+£1.03 53.57+£0.75 5.67+0.45
ds =199,d¢ =3 7036 £2.29 86.18+1.09 8592+0.53 6.46 +0.43
QSLP-AE + CL ds =16,dy =2 5268 £270 84741148 5843 £326 4.84+£032
ds =199,d; = 67.53+220 86.30 £0.80 85.15+0.30 6.51+0.20

A.7 AVERAGE INTER-INDIVIDUAL DISTANCE BETWEEN TWO GROUPS

Suppose we have IV individuals split in two groups:

Group 1: {S%l),Sél), . .,S](\}l)}, Group 2: {SJ(\?1)+1,S](31)+2,...,S](\2}

where N = N7 + No. Sl.(l) and S](-Q) represent the data from individual ¢ in Group 1 and individual
7 in Group 2, respectively.

We randomly select Nyuirs = min(Ny, No) pairs of individuals, with each pair consisting of one
individual from each group. In within-species comparisons (where group 1 and 2 are the same), a
individual can never be paired with itself.

1 2)\ \ Npairs . .
{(Si(k)’sj('k)) ket Uk # Jk

The average inter-individual Jensen-Shannon distance between the two groups is then the average
distance across the Npirs pairs of individuals:

N N

o 1 pairs )

Diys = & Z JS‘dIStaHCe(Si(kl)’ Sj(i))
k=1

A.8 HISTOGRAM-BASED JENSEN-SHANNON DISTANCE

Let X = {z1,22,...,on}and Y = {y1,y2,...,yam} be two sets of points in 2D, where z;,y; €
R2. We divide the 2D space into 50 bins and count the number of points in each bin:

Hx i, j] = number of points from X in bin (3, j)
Hy [i, j] = number of points from Y in bin (4, 5)

Each histogram is normalized so that the sum over all bins is 1:
H X [27 J ]

Lo HY[iuj]
S Bxk vl

Pxli,j] = = =m0
2y Hy [k, 1]
A small constant € > 0 is added to each bin to avoid taking the logarithm of zero, and the histograms
are re-normalized:
Px < Px+¢e¢, Py <+ Py+¢
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PX P PY

Px & =——, Y S =%
Zi,j Px[i, j] Zi,j Py i, j]

The average distribution is

1
M = i(PX + Py)

The Jensen-Shannon divergence between Px and Py is defined as:

Pxli,j
i,

PY[Zvj]

Dys(Px || Py) = ZPX i, j]logy = M)

4,

i + Z Py i, j]logy ——=
Finally, the square root of the divergence is applied:

JS-distance(X,Y) = v/ Djs(Px || Py)

A full derivation and the application of the square root to fulfill the mathematical definition of a
metric can be found in[Lin/ (I991) and [Endres & Schindelin| (2003).

A.9 JENSEN-SHANNON DISTANCE IN CL AND STANDARD AE

Inter-individual Jensen-Shannon distance matrices for the Standard Autoencoder and the Contrastive
Learning models are shown in Figure [ The Standard Autoencoder shows low overall distance
between stages without any specific pattern. This stems from the fact that the task latent space is
not effectively encoding stages (table[T} The Contrastive Learning model effectively achieves stage
alignment, both within and cross-species.

(a) Standard autoencoder (b) Contrastive learning

Figure 6: Inter-individual Jensen-Shannon distance between sleep stages. Average and standard
error of the mean across four folds of unseen individuals.

A.10 LATENT SPACE OF STANDARD AE AND CL

The latent spaces of the Standard Autoencoder model and the model trained with Contrastive Learn-
ing are shown in Figures 7] and [§] respectively.
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@ mssv1sub-003 @ mssv4 sub-025 @ shhs 200772 & sleeped 11

o NREM
REM o Human
*  WAKE e Mouse

(a) 16-d style latent space (-SNE reduction). Left: (b) 2-d task latent space. Left: colored by sleep stage.
colored by individuals. Right: colored by sleep stage. Right: colored by species.

Figure 7: Latent spaces. Test set of fold 1 in Standard AE model with compact bottleneck (d, =
16, d; =2). In (a), individuals are colored in a gradient from mouse to human, with mice and humans
generally colored in cold and warm colors respectively, with the corresponding dataset provided in
the labels.

e NREM e NREM
REM REM o Human
*  WAKE *  WAKE e Mouse

(a) 16-d style latent space (+-SNE reduction). Left: (b) 2-d task latent space. Left: colored by sleep stage.
colored by individuals. Right: colored by sleep stage. Right: colored by species.

Figure 8: Latent spaces. Test set of fold 1 in Contrastive Learning model with compact bottleneck
(ds = 16,d; = 2). In (a), individuals are colored in a gradient from mouse to human, with mice
and humans generally colored in cold and warm colors respectively, with the corresponding dataset
provided in the labels.
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A.11 DATASET ALIGNMENT

A contour plot colored by dataset in shown in Figure 9]

MSSV1

MSSV2

MSSV3

MSSV5

Figure 9: Contour plot of task space colored by dataset. Test set of fold 1 in the QSLP-AE with
compact bottleneck (d; =16, d: =2). The smallest dataset (MSSV4) is omitted for figure geometry.

A.12 LLM USAGE DISCLOSURE
In accordance with the conference guidelines, we declare that LLMs have been used exclusively at

the writing stage for removing errors and improving the readability of the manuscript. All research
ideas, methodological development, and analysis of the results have been contributed by the authors

exclusively.
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