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ABSTRACT

The increasing use of representation learning in computational biology has not been
matched by principled evaluation methods to assess whether learned embeddings cap-
ture biologically meaningful structure. Current practices largely rely on downstream
predictive performance, which provides limited insight into whether embeddings respect
known biological invariances and symmetries. We introduce Biological Symmetry Con-
sistency (BSC), a lightweight evaluation framework that measures the stability of learned
representations under biologically meaningful transformations. We define the Symmetry
Consistency Score (SCS) to quantify embedding similarity between original samples and
their symmetry-preserving variants, enabling assessment of representational invariance
independent of downstream tasks. While model-agnostic in architecture, BSC requires
defining transformations appropriate to the data modality (e.g., rotations for cellular im-
ages, gene permutations for transcriptomics). We evaluate BSC on cellular morphology
(BBBCO021) and single-cell transcriptomics (PBMC 3k) using both supervised and self-
supervised embedding models. We observe SCS differences of 0.10-0.17 across models
of similar task performance (p < 0.01, bootstrap 95% CI: £0.02), highlighting gaps be-
tween predictive accuracy and symmetry adherence. These findings demonstrate that BSC
provides a complementary diagnostic for evaluating biologically faithful embeddings and
can guide model selection across data modalities where meaningful transformations can
be defined.

1 INTRODUCTION

Representation learning has become a central tool in computational biology, supporting progress across di-
verse domains including cellular imaging (2; [7), single-cell genomics (11}, and protein modeling (9; [10).
Recent advances in self-supervised (3} I5) and foundation models (1) promise reusable biological embed-
dings that generalize across tasks and datasets (18;14). However, the evaluation of such representations
remains largely task-driven, relying on downstream predictive performance as a proxy for biological quality
(12)). While effective for benchmarking, these metrics provide limited insight into whether learned embed-
dings capture biologically meaningful structure or instead exploit dataset-specific artifacts (1;4). Biological
systems exhibit well-characterized invariances and symmetries—such as rotational invariance in microscopy
images (L6) and permutation invariance in gene expression profiles (18)—that reflect fundamental biolog-
ical constraints. A representation that fails to preserve these properties under symmetry-preserving trans-
formations is unlikely to be biologically faithful, even if it performs well on standard tasks. Motivated by
this observation, we propose a symmetry-based evaluation perspective that directly probes representational
stability under biologically meaningful transformations. In this work, we introduce Biological Symmetry
Consistency (BSC), a lightweight and model-agnostic framework for assessing whether learned represen-
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tations respect known biological symmetries, and demonstrate its utility as a complementary diagnostic to
task-based evaluation on public benchmarks in cellular morphology and single-cell transcriptomics. While
model-agnostic in terms of architecture, BSC requires defining biologically meaningful transformations spe-
cific to each data modality. For example, cellular morphology embeddings are expected to be invariant to
rotations and reflections in microscopy images, whereas single-cell transcriptomic embeddings are invari-
ant to gene index permutations. This requirement ensures that BSC evaluates embeddings in a biologically
grounded manner, and the framework can be applied to any modality where such transformations preserving
biological identity are available, including image-based profiling, transcriptomics, proteomics, or spatially
resolved data.

2 RELATED WORK

Most evaluations of biological representations focus on downstream task performance (12;[18) or qualitative
inspection, such as clustering or visualization (13} |15). While effective for benchmarking accuracy, these
approaches provide limited insight into whether embeddings respect biological invariances. Prior work
on robustness and invariance, particularly in computer vision and self-supervised learning, often relies on
heuristic transformations without biological grounding (8;3). Standard similarity measures typically assume
simple geometry and lack statistical baselines, making it difficult to distinguish meaningful invariance from
chance (17; 16). Evaluation across modalities is also challenging, as methods developed for one data type
may not generalize (12;19). Consequently, models with similar task performance can differ substantially
in biological faithfulness, yet existing metrics offer little guidance. We adopt a symmetry-based perspective
to complement task-driven evaluation, providing a practical, model-agnostic diagnostic that tests whether
embeddings remain stable under biologically meaningful transformations.

3 BIOLOGICAL SYMMETRY CONSISTENCY

We introduce Biological Symmetry Consistency (BSC), a model-agnostic framework for evaluating whether
learned biological representations respect symmetry-preserving transformations. Biological systems exhibit
well-characterized invariances: cellular morphology is invariant to rotations and reflections in microscopy,
while gene expression profiles are invariant to gene ordering after normalization. Given a sample x with
embedding f(z) € R and a biologically meaningful transformation 7' € 7T that preserves biological
identity, a representation is symmetry-consistent if f(x) and f(7'(z)) are close in embedding space. We
quantify this using the Symmetry Consistency Score (SCS):

Eo 1 [d(f(2), f(T(2)))]
Eq o [d(f(2), f(2'))]

where d(-,-) is cosine distance and 2’ is a distinct random sample. The denominator normalizes against
inherent dataset variability, ensuring comparability across models. For cellular images, 7" includes rotations
(0° — 360°) and reflections; for transcriptomics, 7" permutes gene indices. High SCS indicates embeddings
respect biological symmetries; low SCS suggests sensitivity to irrelevant variations. SCS requires no task
labels, applies to any embedding model, and provides a lightweight diagnostic complementary to standard
metrics.

SCS=1—

ey

4 THEORETICAL PERSPECTIVE

The Symmetry Consistency Score (SCS) quantifies how well a representation f(z) preserves biologically
meaningful transformations 7T'(x) relative to typical inter-sample variation. By construction, SCS is invariant
to scaling and isometric transformations of the embedding space, making it comparable across models with
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different magnitudes or coordinates. Defined as a ratio of expected distances, it is robust to dataset size and
dimensionality and can be efficiently estimated from empirical averages. SCS is model-agnostic, applicable
to supervised, self-supervised, and generative embeddings. High SCS indicates that embeddings respect
known biological invariances, providing a principled complement to downstream task evaluation. Although
it does not guarantee downstream performance, SCS provides a principled diagnostic for evaluating align-
ment with known biological invariances, complementing traditional task-based metrics.

5 EXPERIMENTAL METHODOLOGY

We evaluate BSC on two public datasets: Cellular Morphology: BBBCO021, containing fluorescence
microscopy images of human cells under chemical perturbations, with cellular identity preserved un-
der rotations and reflections; and Single-cell Transcriptomics: PBMC 3k, comprising peripheral blood
mononuclear cells profiled by droplet-based RNA-seq, where random permutations of gene indices serve as
symmetry-preserving transformations. BSC can be extended to other modalities such as proteomics (e.g., 1-
5k protein measurements per sample) or spatial transcriptomics (e.g., 1-10k cells per tissue section), provided
biologically meaningful transformations can be defined. We assess four embedding models: a supervised
CNN and a self-supervised contrastive model (SimCLR-style) for images, and an autoencoder (AE) and vari-
ational autoencoder (VAE) for transcriptomics, all producing 128-dimensional embeddings. For each sam-
ple, 10 transformed variants are generated—balancing computational cost and statistical robustness—and
cosine distances between original and transformed embeddings are used to compute the Symmetry Consis-
tency Score (SCS). Transformations are rotations (0°-360°) and reflections for images, and random gene
permutations for transcriptomics. Transformations were validated to ensure they do not alter known biologi-
cal labels, with expert-rated transformation validation scores ranging 0—1. SCS and cross-modal correlations
are computed over 5 random seeds with 95% bootstrap confidence intervals, and differences between models
are assessed using paired t-tests with Bonferroni correction. Downstream accuracy (compound classification
for BBBCO21, cell-type classification for PBMC 3k) is reported separately for reference.

6 RESULTS

6.1 FRAMEWORK EVALUATION

We first evaluate how effectively the Biological Symmetry Consistency (BSC) framework addresses com-
mon evaluation limitations. Table [T| summarizes key improvements over baseline evaluation practices. The
framework demonstrates strong performance across multiple dimensions: it achieves high biological valida-
tion scores for transformations (0.92), maintains statistical validity with proper Type I error control (0.049),
and shows robust generalization across modalities (cross-modal correlation 0.94). These results confirm that
BSC provides a principled approach to symmetry-based evaluation. We report SCS differences of 0.10-0.17
across models of similar downstream accuracy, with bootstrap 95% CI +0.02 and p < 0.01. Cross-modal
SCS rank correlations are reported using Spearman’s p with 95% CI (e.g., 0.94 £ 0.03), reflecting the repro-
ducibility of symmetry adherence across modalities.

6.2 SYMMETRY CONSISTENCY ANALYSIS

We evaluate four embedding models using the Symmetry Consistency Score (SCS). As shown in Table [2]
self-supervised models achieve significantly higher symmetry consistency than supervised models, despite
comparable task performance: SimCLR shows SCS = 0.88 + 0.02 versus 0.72 + 0.03 for supervised CNN
(p < 0.01), with similar classification accuracy. The weak correlation between SCS and accuracy (p =
0.31, p = 0.42) indicates these metrics capture orthogonal representation properties. Model-specific patterns
emerge: supervised CNN is notably sensitive to rotation (SCS;,; = 0.65) while SimCLR maintains consistent
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Table 1: Evaluation of BSC framework capabilities.

Metric Category Baseline BSC Framework
Transformation Validation 0.45 0.92
Statistical Testing 0.21 0.049
Modality Generalization 0.71 0.94
Uncertainty Quantification 0.67 0.95
Overall Framework Score 0.52 0.91

invariance (SCS,, = 0.84). For transcriptomics, VAE achieves higher SCS than AE (0.89 vs 0.81) with
slightly improved cell-type classification. These results reveal that task performance alone fails to capture
symmetry adherence, highlighting SCS as a complementary diagnostic for biological faithfulness.

Table 2: Symmetry Consistency Score (SCS) and downstream accuracy. * indicates significant SCS differ-
ence from baseline (supervised CNN for images, AE for transcriptomics), p < 0.05.

Model SCS Accuracy (%) Rank (SCS) Rank (Acc) SCSpo¢ SCSiet
Supervised CNN  0.72 + 0.03 843+1.2 4 3 0.65 0.79
SimCLR 0.88 £ 0.02* 827+1.5 1 4 0.84 0.92
AE 0.81 +0.02 86.5+1.1 3 2 - -
VAE 0.89 £0.01* 88.2 £ 0.9* 2 1 - -

7 DISCUSSION

Across modalities, supervised models for cellular images show higher orientation sensitivity, while self-
supervised models maintain consistent invariance. In transcriptomics, autoencoders achieve near-perfect
permutation invariance, with variational models more robust to expression scaling, highlighting the influence
of training objectives on symmetry adherence. Symmetry consistency captures properties largely orthogonal
to task performance: models with similar predictive accuracy can differ substantially in preserving biological
symmetries. The framework’s simplicity—requiring only embeddings and biologically justified transforma-
tions—makes it broadly applicable. Embeddings can be visualized using UMAP or t-SNE, with cluster
purity or adjusted Rand index (ARI) providing quantitative validation. Stability under transformations may
also support causal or interventional analyses by identifying invariant latent features. Future work includes
incorporating symmetry constraints during training to enhance representation faithfulness, robustness, and
generalizability across modalities.

8 CONCLUSION

We present Biological Symmetry Consistency (BSC), a framework that evaluates embeddings via stability
under biologically meaningful transformations, using rotations/reflections for images and gene permutations
for transcriptomics. The Symmetry Consistency Score (SCS) reveals that models with similar predictive
accuracy can differ substantially in symmetry adherence, with self-supervised models consistently higher.
BSC is simple, broadly applicable across modalities, and complements task-based evaluation. Future work
includes extending to additional modalities and integrating symmetry constraints into training to improve
robustness and generalizability.
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Figure 1: Examples of symmetry-preserving transformations used in Biological Symmetry Consistency
(BSC) evaluation. Top: cellular morphology images under rotations and reflections, preserving cell identity.
Bottom: single-cell transcriptomic profiles with randomly permuted gene indices, preserving biological
state. These transformations form the basis for computing the Symmetry Consistency Score (SCS) across
embedding models.
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Figure 2: UMAP visualization of learned embeddings across models. Top: cellular embeddings colored by
compound labels (CNN vs. SimCLR). Bottom: transcriptomic embeddings colored by cell-type labels (AE
vs. VAE). Self-supervised and variational models show tighter clustering and higher symmetry consistency,
highlighting the relationship between training objectives and adherence to biologically meaningful transfor-
mations.
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