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Abstract

Background: Annotated single-cell references provide labels that can guide
both query annotation and the organization of learned cell representations.
We introduce Supervised Orthogonal Label-Anchor Representation (SOLAR), a
supervised contrastive method that assigns each reference label a fixed orthog-
onal direction before training and learns how expression profiles map into that
space.
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Results: SOLAR trains the encoder using cell embeddings and label anchors
in a shared contrastive objective, then maps query cells with the fitted refer-
ence preprocessing and trained encoder without further optimization. Across
nine held-out batches from human immune, lung, and pancreas datasets, SOLAR
achieved a mean query macro-F1 of 0.811, compared with 0.774 for matched
principal component analysis (Matched PCA), 0.815 for the supervised con-
trastive comparator SCLSC, and 0.838 for the annotation-aware variational
model scANVI, at a common output dimension of 30. Label average silhouette
width increased from 0.574 for Matched PCA to 0.873 for SOLAR. At 128 dimen-
sions, anchor controls showed that repetition mainly increased label separation
and local batch diversity, with little change in query-label recovery and lower
local-structure scores.

Conclusions: SOLAR provides a reference-mapping method in which fixed label
anchors define the training references while the encoder learns cell positions from
expression profiles. This construction makes the label relationships explicit in
the output space and produces a reusable encoder for mapping new cells.

Keywords: Single-cell RNA sequencing, single-cell integration, supervised contrastive
learning, label anchors, reference mapping, label transfer, batch effects

1 Background

Annotated single-cell atlases pair expression profiles with curated cell-type labels and
can therefore support the mapping and annotation of new experiments. Reference
labels can guide how a representation is learned as well as how query cells are anno-
tated. When training uses one representative per class, those representatives may
be obtained from expression profiles or placed directly in the output space; the two
constructions give labels different roles in the objective.

Supervised contrastive learning on cells and their types (SCLSC), for example,
constructs each type representative from a mean expression profile and passes both
cells and representatives through a trainable encoder [1]. Their positions in the
learned space therefore change during training. We introduce Supervised Orthogonal
Label-Anchor Representation (SOLAR), a supervised contrastive method that instead

assigns each reference label a fixed orthogonal direction before training.



The fixed anchors and normalized cell embeddings share one contrastive pool, so
the anchors retain their prescribed relationships while the encoder learns where cells
lie in that space. Once trained, the encoder maps query cells using the preprocessing
fitted to the reference. We evaluate query-label prediction, label separation, batch
diversity, and local structure, complementary aspects used in single-cell integration
evaluation [2-5]. Cross-method comparisons at a common output dimension evaluate
the complete mapping method, whereas repeated, unique, and absent-anchor controls
at 128 dimensions examine how anchor presence and multiplicity affect the learned

representation.

2 Related work

Reference projection and reusable encoders.

Annotation-transfer methods such as scmap, Garnett, and scPred use an existing
reference to assign cell identities [6-8]. Alignment methods instead identify shared
structure across datasets [9-11]. Symphony provides a reference-building and query-
mapping framework [12], while the single-cell variational inference model scVI and
its annotation-aware extension scANVI learn probabilistic representations of single-
cell expression [13, 14]. Transfer-learning frameworks such as scArches allow query
adaptation to a learned reference [15]. These approaches differ in their use of labels,
expression likelihoods, and query data. Here, scVI and scANVTI are evaluated as frozen-

reference encoders, with reference-trained parameters fixed during query encoding.

Supervised contrastive learning and class representatives.

Supervised contrastive learning organizes examples through same-label and different-
label relationships [16]; related single-cell approaches use contrastive representations
for annotation and integration [17, 18]. Supervised contrastive learning on cells and

their types (SCLSC) is the closest comparator because it explicitly contrasts cells with
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their types [1]. It constructs each type representative as a mean expression profile
and passes both cells and these data-dependent representatives through a trainable
encoder, so their positions in the learned space change during optimization. SOLAR
instead prescribes expression-independent orthogonal label directions directly in the
output space and keeps them fixed while learning cell embeddings. Both methods
use reference labels and supervised contrastive training; their input and training

differences are specified in Methods and Additional file 1.

Proxzy and orthogonality-based metric learning.

Proxy Anchor loss replaces many sample-pair comparisons with learnable class proxies
[19], and OrCo uses orthogonality and contrast in few-shot class-incremental learn-
ing [20]. OrCo adds fixed, data-independent pseudo-targets and their perturbations as
positives in supervised contrastive learning. SOLAR applies fixed data-independent
label directions directly to supplied single-cell labels, without OrCo’s image pre-
training, incremental class alignment, target perturbations, or reservation of future
targets. The experiments compare repeated, unique, and absent anchors to character-
ize how anchor presence and multiplicity affect the learned representation in single-cell

reference mapping.

3 Methods

Figure 1 summarizes the two computational stages: reference-only preprocessing and
encoder training, followed by direct query mapping with the fitted transformations
and frozen encoder. Its joint-space panel illustrates the intended label organization; it

is a schematic, not an additional query-training step.

3.1 Study design and reference—query protocols

np
=1

We represent a dataset as D = {(x;, yi, b;) where z; is the expression profile, y;

the curated cell-type label, and b; the experimental batch. Each split defines a labelled



reference set R and a query set Q. SOLAR learns an encoder fy from the reference
and normalizes its output as follows.

Y= fo(xi) (1)

fo(zi)ll2
The normalized embedding in Eq. (1) is the learned representation used for map-
ping and evaluation. Biological labels guide reference training; batch identities enter
reference-only preprocessing and evaluation, but not the SOLAR loss.

The study uses five processed single-cell integration benchmarking (scIB) datasets
[4, 21]. Human immune cells, lung atlas, and pancreas form the primary held-out
comparison; two simulations provide supplementary checks (Table 1). In the within-
batch protocol, batch—label-stratified partitions assign 80% of each stratum to the
reference and 20% to the query, using split seeds 40-44. A one-cell stratum remains
in the reference. In the held-out-batch protocol, one complete batch forms the query
and all remaining batches form the reference. Batch identity, not its biological labels,
determines this split. Three batches per real dataset were selected to span query sizes,
giving nine primary query batches.

All evaluated query labels occur in the corresponding reference; the study therefore
tests closed-label mapping. The held-out batch is the generalization unit. Seeds 40-44
describe repeated stochastic fits on the same split, not independent biological repli-
cates. After the reference and query roles are assigned, query labels are excluded from
feature selection, principal-component fitting, training, internal validation, checkpoint
selection, and mapping. They are used only for evaluation. Reference labels remain

supervised inputs.
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Table 1 Datasets and evaluation roles. The primary held-out comparison uses three real datasets
with three query batches each; the simulations provide supplementary checks. Table S1 in
Additional file 1 gives complete batch composition.

Dataset Cells Labels Held-out batches Evaluation role

Human immune cells 33,506 16 3 Primary mapping and local structure
Lung atlas 32,472 17 3 Primary mapping and local structure
Human pancreas 16,382 14 3  Primary mapping

Simulation 1 12,097 7 3 Supplementary check

Simulation 2 19,318 4 3 Supplementary check

The primary held-out-batch comparison comprises nine real batches. Complete batch composition is
provided in Additional file 1, Table S1. All tables and figures prefixed S below refer to Additional file 1.

3.2 Reference-only preprocessing

For each split, the Cell Ranger-style procedure in Scanpy selects 2,000 highly
variable genes from reference cells, using reference batch as the batch key [22].
Principal-component analysis (PCA) is then fitted to the reference, and the result-
ing transform is applied unchanged to query cells. SOLAR receives 40 principal
components in both evaluated configurations. The five-method comparison uses a
30-dimensional output, whereas the anchor controls use a 128-dimensional output.
The baseline without a learned encoder is termed Matched PCA: it applies the same
reference-only gene-selection procedure and a reference-fitted PCA transform, using
an independently fitted 30-component transform in the common-dimensional compar-
ison. A 40-component Matched PCA representation is reported in the method-specific

supplementary summaries.

3.3 Expression encoder and fixed label anchors

The encoder is a three-layer multilayer perceptron with two 512-unit hidden layers,
batch normalization, rectified linear units, dropout of 0.1, a linear output projec-
tion, layer normalization, and final ¢3 normalization [23, 24]. The output layer is
30-dimensional in the five-method comparison and 128-dimensional in the anchor anal-
ysis. The encoder has no reconstruction decoder, batch-adversarial component, or

classification head.



Let K denote the number of reference labels and d > K the output dimension.
A Gaussian matrix G € R¥ ¥ is sampled once and a reduced orthogonal-triangular

(QR) factorization is computed, written here as follows.

G=UT, U'U-=Ig. (2)

In Eq. (2), the columns of U € R?X are orthonormal, and T € RE*X is upper
triangular. Column wuy, is the unit-length anchor for label k. Thus, for k # [, u,;rul =0
and |lux — w|l2 = V/2: all distinct label directions have the same pairwise angle and
Euclidean distance, specified without expression means. Anchors and the normalized
embeddings in Eq. (1) share the unit sphere, but cell coordinates remain learned. The

anchor bank is fixed during training and is not used during query mapping.

3.4 Anchor-augmented supervised contrastive objective

SOLAR extends supervised contrastive learning [16] by placing expression embeddings
and label anchors in one indexed pool. For a mini-batch of B reference cells, the default

repeated-anchor pool is defined as follows.

Za, 1<a<B, B Yas 1<a<B
Ga = Ya = (3)
Uy, 5, B<a<2B, Ya—B, B <a<2B.

In Eq. (3), each cell contributes an expression view and one indexed copy of its class
anchor, giving V = 2B views. The unique-anchor control contributes one anchor for
each of the Kp labels represented in the mini-batch, giving V= B + Kp. The no-
anchor control uses only the B expression views, without a second augmented view.

In all three cases, y, denotes the label of view a.
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For a focal view a, define the non-self candidate indices as C'(a) = {1,...,V}\{a}
and the positive indices as Pos(a) = {j € C(a) : y; = Yo }. Self-exclusion is by index,
not by vector value: identical copies of a repeated anchor remain distinct views. The

logit for b € C(a) is

;'— —mlly, = v
éab _ 4, 9 . [y yb] (4)

where 1[-] equals 1 when its condition is true and 0 otherwise. All views have unit
length, so the inner product in Eq. (4) is cosine similarity. Temperature 7 > 0 controls
softmax sharpness: smaller values amplify logit differences. Margin m subtracts an
additive cosine offset from same-label logits before temperature scaling. It affects those
logits in both the numerator and denominator of the loss; it is not an angular margin

of the ArcFace form [25]. The settings are 7 = 0.07 and m = 0.2 (Section 3.5).

1 |4
L = 1 ha7
SOLAR Vv a§=1

1 exp(la;) (5)
- log , | Pos(a)| > 0,
y ) TPoa) DI Sy

0, | Pos(a)| = 0.

Equation (5) first averages the negative log probabilities over same-label positive
indices for each focal view, then averages the focal terms over all V' views. Each denom-
inator contains every non-self positive and negative view. The objective therefore
favours same-label relationships relative to the other views in the pool.

Repetition changes indexed multiplicities rather than adding label directions. If
label y occurs r times, a focal cell z, of that label receives the anchor contribution
rexp|(z] uy —m)/7] in its denominator, and all r copies are positives. The copies also
become focal views, changing the candidate and positive sets and the all-view average
rather than multiplying the loss by a constant. Because r is the mini-batch label count,

repetition is not class balancing or rare-label compensation.



A. Reference-only training | B. Joint embedding space C. Direct query mapping
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Fig. 1 SOLAR reference training and direct query mapping. (A) Reference-only gene
selection and PCA supply a decoder-free expression encoder. The fixed anchor bank contains one
orthogonal unit vector per reference label; the default training pool contains one indexed copy of
the corresponding anchor for each cell, together with its expression embedding. (B) The diagram
illustrates annotation-oriented organization in the shared embedding space; it is a schematic, not
a quantitative result. (C) Query cells use the reference-selected genes, fitted PCA transform, and
trained encoder without parameter updates. The anchor bank is used during training, not as a query-

time classifier.

Repeated and unique anchors give every expression view, including a singleton
label, a same-label positive. Without anchors, a singleton focal term is zero, but the
cell can remain a negative in other terms and therefore need not have zero total
gradient. Anchors have no trainable parameters; anchor—cell logits still depend on the
encoder output, whereas anchor—anchor logits contain no trainable vector but enter
the shared normalizations. Additional file 1 gives pseudocode and documents entirely

empty-positive batches.
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3.5 Training and direct query mapping

SOLAR divides the reference into 90% optimization and 10% internal validation sub-
sets. AdamW [26] uses learning rate 10~%, batch size 512, temperature 0.07, margin
0.2, gradient-norm limit 1.0, and zero weight decay. Training stops after 10 epochs
without a validation-loss improvement of at least 10™4, or after 50 epochs. Stochastic
fits use model seeds 40-44.

The best validation checkpoint is restored and applied to the complete refer-
ence. Query cells are encoded in evaluation mode using the reference-selected genes,
reference-fitted PCA transform, and trained encoder. No preprocessing or encoder

parameter is updated with query data.

3.6 Comparative methods and evaluation

The primary comparison includes SOLAR, Matched PCA, frozen-reference scVI,
frozen-reference scANVI, and SCLSC. Both scVI and scANVT [13, 14] are trained on
reference cells and evaluated using their frozen encoders; we use the shorter names
scVI and scANVI below. SCLSC [1] uses its official architecture, instance-type loss,
reference-training class representatives, and reference-only stratified 90:10 internal
split. Training stops according to validation loss and retains the final epoch, whereas
SOLAR restores the best validation checkpoint. Because consistent raw counts are
unavailable across these processed inputs, SCLSC receives the shared normalized
expression matrix with reference-only selection of 2,000 genes, adapting the publica-
tion’s raw-count preprocessing to the available inputs. Additional file 1 details the
training procedure, native readouts, Symphony [12], and scmap-cell [6].

The primary comparison uses 30-dimensional outputs for all five methods. SOLAR
and SCLSC each contribute five fits per held-out batch, Matched PCA contributes

one deterministic fit, and scVI and scANVI use their 30-dimensional frozen-reference

10



encoders. All five methods use a distance-weighted 15-nearest-neighbour classifier fit-
ted to the complete reference embedding and labels. Using a common output width
and readout aligns these two aspects of the evaluation; inputs, architectures, objec-
tives, internal validation, and checkpoint selection remain method-specific. SOLAR
receives 40 reference-fitted principal components as input. Additional file 1 reports the
method-specific output configurations separately. Query macro-F1 and balanced accu-
racy evaluate label recovery, while joint reference—query representations are assessed
separately for annotation structure and batch mixing [2-4].

The 128-dimensional anchor analysis compares one anchor copy per cell, one anchor
per represented label, and no anchors. Additional file 1 separately reports the output-
width sensitivity analysis. Uniform manifold approximation and projection (UMAP)

is used only for descriptive visualization [27].

3.7 Evaluation metrics

Query label recovery.

Let Cq be the set of true labels observed in the query. The macro-F1 score is the
unweighted mean over ¢ € Cg of 2TP./(2TP,. + FP. + FN,.), with an undefined class

F1 set to zero. Balanced accuracy is the mean class recall, [Co|~! > TP./(TP. +

ceCq
FN.). Both scores lie in [0, 1], with higher values indicating better recovery of query
annotations. Predictions of reference-only labels remain errors for the true query class;

they are neither removed nor reassigned.

Annotation separation and batch diversity.

Representation metrics use the joint reference—query population unless otherwise
stated. Label average silhouette width (label ASW) measures Euclidean separation of
the supplied cell-type labels. For a cell, the raw silhouette is (b — a)/ max(a,b), where
a is its mean within-label distance and b is the smallest mean distance to another

label. We report the scIB transformation (5+1)/2 € [0, 1], averaging over cells; higher
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values indicate stronger separation of the supplied annotations. The metric does not
assess whether those annotations are biologically complete or correct. Batch ASW is
a different score: it averages 1 — |s| for batch-label silhouettes within each cell type
and then averages the type means. It lies in [0, 1], with higher values indicating less
within-type batch segregation.

The integration local inverse Simpson’s index (iLISI) measures local batch diver-
sity on the joint 15-neighbour graph. The scIB implementation uses shortest-path
neighbourhoods of 90 cells, entropy-matched distance weights, and 50% subsampling.
If p;p is the resulting probability mass for batch b around cell 4, the reported value
is median;(1/3", p%) — 1 over finite local values. It is not normalized to [0,1]; its
nominal range for valid neighbourhoods with n; batches is [0,n, — 1]. Higher values
indicate greater local batch diversity. Additional file 1 documents boundary cases and

stochastic subsampling.

Local structure and pseudotime.

Trustworthiness measures whether neighbours in a target representation are also neigh-
bours in a specified source space [28]. We use a 50-dimensional PCA representation of
the processed scIB expression data to define source-space neighbourhoods for this eval-
uation. This evaluation reference differs from the reference-fitted Matched PCA (40D)
and Matched PCA (30D) targets. With Euclidean distance and k = 15, trustworthi-
ness penalizes target neighbours absent from the source neighbourhood according to
their source-distance ranks. It lies in [0, 1]; higher values indicate stronger preservation
of this measured neighbour relation. We score reference, query, and joint populations
separately in immune and lung data, using the same sample of at most 6,000 cells per
population for every method and dimension. Additional file 1 reports the sampling
procedure and the separate within-batch analysis.

Diffusion pseudotime orders cells along diffusion-based progression from a root

[29, 30]. Our immune-cell smoothness analysis uses the precomputed dpt_pseudotime

12



distributed with the processed scIB dataset; the available metadata do not record the
original root used to construct this annotation. Within each reference, query, or joint
population, the procedure retains cells with available pseudotime and correlates their
values with the mean pseudotime of 15 neighbouring cells in the target representation
using Spearman’s p. At least 16 annotated cells and nonconstant values are required.
Smoothness lies in [—1, 1]; higher values indicate stronger local agreement with the
supplied pseudotime. Additional file 1 gives the exact neighbour handling.
Additional file 1 reports two related endpoints. Trajectory conservation compares
source and target diffusion-pseudotime orderings and ranges from 0 to 1 when defined.
Raw within-label silhouettes quantify association with study, sample, donor, or patient
group on [—1,1]; their interpretation depends on the covariate and differs from batch

ASW.

Aggregation.

Stochastic fits are first averaged within each fixed batch; batch means and then dataset
means receive equal weight. With three evaluated batches per dataset, complete cov-
erage gives the mean of nine batch means. The main tables report descriptive sample
standard deviations (SDs) across those nine means. Per-batch supplementary tables
instead report fit-to-fit SDs from five seeds. Deterministic PCA has no fit-to-fit SD,
although its performance can vary across batches. Pairwise contrasts include batches
with complete results for both methods; missing values are not replaced with zero. No

significance or equivalence tests were performed.

Use of artificial intelligence-assisted tools.

Artificial intelligence (Al)-assisted tools supported English drafting and editing,
public-source retrieval, source-code inspection, reconstruction checks for existing
tables and figures, and consistency and document verification. They were not used to

generate new experimental data or retrain models.
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4 Results

4.1 SOLAR improved query label recovery over Matched PCA

The cross-method comparison used 30-dimensional outputs and the same reference-
trained nearest-neighbour readout across nine held-out batches. SOLAR achieved
mean query macro-F1 of 0.811 and balanced accuracy of 0.837, compared with 0.774
and 0.803 for Matched PCA (Table 2). Its mean macro-F1 advantage over Matched
PCA was positive within each of the three datasets (Figure 2A). SCLSC produced a
similar mean macro-F1 of 0.815, whereas scANVT produced higher macro-F1 (0.838)
and balanced accuracy (0.882) than SOLAR (Figure 2B). The full batch-level distribu-
tions and fitting-seed variability are reported in Figure S4 and Table S3 in Additional
file 1.

The immune-cell Villani batch remained difficult despite complete reference-label

coverage, with errors concentrated in CD16+4 monocytes (Figure S2 in Additional file

1).

Table 2 Held-out query annotation with 30-dimensional outputs and the
shared weighted 15-nearest-neighbour readout. Values are means =+
descriptive SD across nine batch means; stochastic batch means average five
fits and Matched PCA is deterministic. Table S3 in Additional file 1 gives
batch-level values.

Method Macro-F1 Balanced accuracy
SOLAR 0.811 + 0.114 0.837 + 0.082
Matched PCA 0.774 + 0.127 0.803 + 0.096
scVI 0.807 + 0.091 0.855 + 0.053
scANVI 0.838 + 0.087 0.882 + 0.061
SCLSC 0.815 + 0.078 0.845 + 0.054

14
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Fig. 2 Query annotation recovery at a common output dimension. (A) Mean query macro-
F1 differences between SOLAR and Matched PCA within the immune, lung, and pancreas datasets.
Each bar averages the three paired held-out-batch differences for one dataset. (B) Mean query macro-
F1 for all five methods, averaging batches within datasets and datasets equally. All methods have
30-dimensional outputs and use the same reference-fitted distance-weighted 15-nearest-neighbour
readout. Stochastic results first average five fits per batch; Matched PCA is deterministic. Figure S4
and Table S3 in Additional file 1 retain batch-level results and fitting variability.

4.2 SOLAR organized joint representations around the

supplied labels

In the joint reference—query populations, SOLAR reached a label ASW of 0.873, above
Matched PCA (0.574), scVI (0.578), and scANVI (0.657), but below SCLSC (0.948;
Table 3).

The two batch-diversity metrics ranked the methods differently because batch
ASW measures within-label batch segregation, whereas iLISI measures local batch
diversity. SOLAR had a higher batch ASW than SCLSC (0.836 versus 0.743), but a
lower iLIST (1.740 versus 2.241); scVI and scANVT also had higher iLIST than SOLAR.
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Table 3 Joint-population annotation separation and batch diversity with
30-dimensional outputs. Values are means across nine equally weighted batch
means; stochastic batch means average five fits. Higher values indicate more
of the named property, and the endpoints are reported separately.

Method Label ASW Batch ASW iLISI
SOLAR 0.873 0.836 1.740
Matched PCA 0.574 0.831 0.304
scVI 0.578 0.878 2.125
scANVI 0.657 0.867 1.902
SCLSC 0.948 0.743 2.241

4.3 Repeated anchors increased label separation and local

batch diversity

The 128-dimensional controls examined how anchor presence and multiplicity in the
contrastive pool affected the learned representation. Repeated anchors increased held-
out label ASW and iLISI relative to both controls (Figure 3), whereas query recovery
changed little: the macro-F1 difference was about 0.007 relative to no anchors and
below 0.001 relative to unique anchors, and balanced accuracy was slightly lower than
with unique anchors. Trustworthiness and immune-cell pseudotime smoothness were
also lower than with either control. Table S9 and Figure S3 in Additional file 1 report

the complete signed contrasts, including the local-structure endpoints.

4.4 SOLAR retained more local structure than SCLSC on two
evaluated endpoints
Across six immune and lung held-out batches, mean query trustworthiness was 0.936
for SOLAR and 0.903 for SCLSC.
Every batch mean favoured SOLAR (Tables S5 and S7 in Additional file 1). Across

the three immune batches, joint reference—query pseudotime smoothness was 0.861

for SOLAR and 0.818 for SCLSC, again with the same direction in all three batch
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Fig. 3 Anchor-dependent annotation separation, batch diversity, and query recovery.
(A) Joint label ASW, (B) joint iLISI, (C) query macro-F1, and (D) query balanced accuracy compare
three SOLAR training conditions at 128 dimensions. “No anchors”, “Per label”, and “Per cell” denote
no-anchor, unique-anchor (one anchor per label), and repeated-anchor (one copy of the corresponding
label anchor per cell) training, respectively. Each point averages three held-out batch means for one
dataset, after averaging five fits within each batch and condition. Lines connect the three condition
means for the same dataset. Table S9 in Additional file 1 reports the full signed contrasts, including
local-structure endpoints not shown here; Figure S3 shows signed contrasts for 10 metrics.

means. SCLSC had higher label separation, whereas SOLAR retained more query-
neighbourhood structure and stronger local agreement with the supplied pseudotime
on these evaluated populations.

Matched PCA, scVI, and scANVI retained higher query trustworthiness (0.969,
0.946, and 0.949, respectively) and joint immune pseudotime smoothness (0.894, 0.880,
and 0.886) than SOLAR. Query-only pseudotime smoothness was evaluable in just one
immune batch, Oetjen_A; the three-batch comparison above uses the joint population.

Figure 4 places these observations beside label separation. Panel A uses the same
six immune/lung batches for label ASW and query trustworthiness; panel B uses the

same three immune batches for label ASW and joint pseudotime smoothness. Results
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Fig. 4 Annotation separation and local-structure retention at a common output dimen-
sion. Moving right indicates stronger label separation; moving up indicates greater measured
local-structure preservation. Each point represents one method with 30-dimensional outputs. Joint
reference—query label ASW is plotted against (A) query trustworthiness across six immune and
lung batches and (B) joint pseudotime neighbourhood smoothness across three immune batches.
Within each panel, both axes use the same batches, averaging fits within batches, batches within
datasets, and datasets equally; Matched PCA is deterministic. Trustworthiness is evaluated against
the 50-dimensional PCA representation of the processed expression data, which is distinct from the
reference-fitted Matched PCA targets; smoothness measures local agreement with supplied pseudo-
time. Tables S5 and S7 in Additional file 1 report the detailed scores and population coverage.

for the method-specific output configurations are provided in Figure S5 and Table S5
in Additional file 1.

5 Discussion

By fixing label-anchor relationships before training, SOLAR gives the reference-
mapping encoder explicit label directions while learning data-driven cell positions
through a shared contrastive objective. In the 30-dimensional comparison, the com-
plete method improved query macro-F1 and label ASW over Matched PCA; scANVI
had higher macro-F1, and SCLSC had higher label ASW.

The cross-method comparison evaluates the complete mapping method, whereas
the 128-dimensional controls examine how anchor presence and repetition affect the

learned representation. Repeated and unique conditions used the same directions, but
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repetition added indexed copies and the third condition omitted anchors. Repetition
increased label separation and local batch diversity, while query-label recovery changed
little. It also reduced the evaluated local-structure scores. Query-label prediction alone
therefore did not capture these changes in the learned representation.

The experiments cover closed-label mapping across nine held-out batches from
three datasets; unknown cell types and incorrect reference annotations were not
evaluated. The local measures quantify agreement with a 50-dimensional PCA repre-
sentation and with supplied pseudotime. The anchor controls vary the presence and
multiplicity of one fixed bank, not fixed versus learned anchors or orthogonal versus
alternative fixed geometries. SOLAR and SCLSC also differ in inputs, objectives, and

checkpoint selection, so their differences do not isolate anchor geometry.

6 Conclusions

We introduced SOLAR, a supervised contrastive reference-mapping method that
assigns labels fixed orthogonal directions and trains an expression encoder against
those anchors. Across the evaluated held-out batches, the complete method improved
query-label recovery and label separation over Matched PCA. In the 128-dimensional
anchor controls, anchor repetition increased label separation and local batch diversity,
while query-label recovery changed little. SOLAR therefore provides a concrete way
to prescribe label relationships before training while learning where cells map in the

resulting space.

Additional file 1

Supplementary methods, figures and tables. Additional file 1 provides reference—
query protocols, comparator details, metric definitions, per-batch results, complete
cross-method and anchor/dimension summaries, coverage records, and supplementary

figures. Tables and figures prefixed “S” in the main text refer to this file.
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Abbreviations

ASW Average silhouette width

iLIST Integration local inverse Simpson’s index

PCA Principal component analysis

scANVI Single-cell annotation using variational inference

scIB Single-cell integration benchmarking

SCLSC Supervised contrastive learning on cells and their types
sc VI Single-cell variational inference

SOLAR Supervised Orthogonal Label-Anchor Representation

UMAP Uniform manifold approximation and projection
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